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Abstract

Traditional poverty measures fail to indicate tregrbe of risk of becoming or remaining poor that
households are confronted to. They can therefommibeading in the context of implementing poverty
reduction policies. In this paper | propose a méthm estimate an index @&x antevulnerability to
poverty, defined as the probability of being poor the (near) future given current observable
characteristics, using panel data. This methoésealn the estimation of the expected mean andnearia
of future consumption conditional on current conption and observable characteristics. It generates
vulnerability index, or predicted probability oftfwe poverty, which performs well in predicting du
poverty, including out of sample. About 80% of heluslds with a 2000 vulnerability index of 100% are
actually poor in 2007. This approach provides imfation on the population groups that have a high
probability of becoming or remaining poor in theuie, whether currently poor or not. It is therefor
useful to complement traditional poverty measutgshsas the poverty headcount, in particular for the

design and planning of poverty reduction policies.

Keywords: Poverty, Vulnerability, Household consuiop.
JEL classification: C53, 132.
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Introduction

Poverty is inherently dynamic. Households that @er at any point of time can be divided into two
groups: those who have been poor for a certairogpaf time and those who have only recently fallen
into poverty. Yet, traditional poverty measurestsas the poverty headcount fail to account for this
dynamic aspect of poverty, focusing on those wieocarrrently poor regardless of their status inghst

or in the future. While the poverty headcount pded valuable information, showing for instance that
Indonesia has made considerable strides in redpcwerty in the past two decades misses part of the
picture. Indeed, there is evidence of frequent mms in and out of poverty in Indonesia. For insta

it has been shown that over half of the poor eadr yre newly poor (World Bank, 2012). Using the
Indonesian Family Life Survey (IFLS), a longitudisarvey conducted by the RAND Corporation, about
30% of households are found to have experiencedrpoat least once between 1997, 2000 and 2007.
This suggests that traditional poverty measuresigeansufficient information and may be misleading

the context of the implementation of poverty rechrcprograms.

Reducing poverty is a top priority for the Govermmef Indonesia. In 2010, a National Team for the
Acceleration of Poverty Reductiomitn Nasional Percepatan Penanggulangan Kemiskii&tP2K) has
been established under the leadership of the Miesident. TNP2K has been mandated to coordinate and
oversee the national poverty reduction strategys Blrategy is based on the premise that addressing
poverty in an effective and sustainable mannerireguieaching not only the current poor but alsgs¢h

at high risk of becoming poor in the near fututecdmprises a range of social safety net programs
covering education, health, food security, employfr@eation and community empowerment (seg

Sumarto and Bazzi (2011) for a review). Most ofthprograms originate from the Asian Financiali€ris

! Between 1990 and 2010, the proportion of poputaliing below the World Bank’s poverty line of USD25 a
day decreased from 54% to 18%. Interestingly thmes&rend is observed using both the internatiomslepy
thresholds (USD 1, 1.25 and 2 a day) and the ratipoverty lines. However, national poverty ratesasured by
the Indonesian National Statistics OfficBaflan Pusat Statistik, BPSising the cost of basic needs approach
(Maksum, 2004) are lower than those obtained wil international poverty lines. The national poydihes
calculated by BPS are indeed systematically lowantthe (purchase power parity) international lines2010,
13.3% of the population lives below the nationalgrty line, 18% lives with less than USD 1.25 person per
day, whereas 46.1% lives with less than USD 2 pesgn per day (World Bank World Development Indics)t.
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(AFC), which has had adverse effects on povertypécountry These programs have the objectives to
not only help the poor move out of poverty, bubals protect the vulnerable from falling into ith&
vulnerable in this context are defined as househthidt are “just” above the poverty ling. households
living with 1.2, 1.4 or 1.5 times the national paydine, depending on the program. In other wofds,
policy purposes it is considered that a househaldisent consumption is the best predictor of utsife
consumption; households that are just above therppline are considered to be at a high risk infg

into poverty in the future.

In this paper, it is argued that at a given leietansumption, socioeconomic characteristics alatten

for assessing the risk of becoming poor that haoldsHace. Indeed, household characteristics kedyli

to determine the degree of exposure to such riskyell as their capacity to cope with it, for aagiv
consumption level. | therefore propose a metho@dtimate vulnerability to poverty, defined as the
probability of becoming poor in the future, giveregent observable characteristics. This methodbéspl
the panel data available in the Indonesian Famifg Survey (IFLS). In particular, it relies on the
estimation of the conditional distribution of futuconsumption to predict who is more likely to ledolv

the poverty threshold in the future given theirreat characteristics, including consumption. Itasnd,

for instance, that urban households with more ohilchged below 15 and with a member working as a
private employee are more likely to experience @efese in their future welfare, at a given consionpt
level. Larger households with an elderly head alflesnployed members are on the other hand more

subject to a higher variability in consumption.

The vulnerability estimates calculated using thengbdbased method confirm that there is high
vulnerability to poverty in Indonesia. In 2000, 6086 households were deemed vulnerable, having a
vulnerability index, or probability of being poon ithe future, greater than the poverty threshold.

Furthermore, the panel-based vulnerability measpreside accurate predictions of future poverty,

2 For an assessment of the effect of the AFC on i Indonesia, see.g. Widyanti et al. (2001), Suryahadi and
Sumarto (2003) and Ravallion and Lokshin (2007).
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including in a context of steadily decreasing poveates. | find that an out-of-sample vulnerapilitdex
constructed for 2000 provides good predictions atti@ poverty realizations in 2007. About 80% of

households with a 2000 vulnerability index of 1088é actually poor in 2007.

The remainder of the paper is organized as folldBection 2 describes the Indonesian Family Life
Survey used for the analysis. Section 3 providelescriptive analysis of poverty in Indonesia arsd it
dynamics. Section 4 introduces the panel-basedadetbed to estimate vulnerability to poverty. S@tti

5 discusses the results, and section 6 provideduding remarks.

2 — The Indonesian Family Life Survey

The Indonesian Family Life Survey (IF'°3)sed in this paper to analyze poverty and vulrikfials an
ongoing longitudinal survey conducted by the RANDr@bration. Its first round, IFLS1, was
implemented in 1993 using the sampling frame of 893 national socioeconomic survey, the
SUSENAS! in which the population was stratified first byopinces and then by (urban/rural) areas
within the provinces. The IFLS1 sample was repriedeme of 83% of the Indonesian population from 13
provinces. It surveyed 7,224 households and more than 23r@b@iduals. The subsequent waves of the
IFLS were implemented in 1997, 2000 and 2007, amdurveyed original IFLS1 households. In this
paper, the IFLS1 is not used since questions far-food expenditures have been changed in the
subsequent waves, making consumption not comparsagittethe one from the IFLS1 (Strauss al.

2009).

The IFLS collects information on a wide array ofukehold and individual characteristics, including

demographic characteristics, household economyeaxpenditures, asset holdings, and education and

3 For more information on the IFLS go tuttp://www.rand.org/labor/FLS/IFLS.html

* The SUSENAS is a nationally representative socinemic survey conducted annually by the Indonesian
National Statistics OfficeBadan Pusat StatistiiBPS).

® The selection of the 13 provinces aimed to maxniie representation of the population, as weliagure the
cultural and socioeconomic diversity of Indonesia.
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health indicators. Yet, its most relevant featuse the purpose of this paper is the particularnsitie
given to tracking IFLS1 households in the subsegwaves, including those that moved, in order to
minimize attrition in the survey. As a result, thitrition rate in the IFLS is relatively low compalrto
similar surveys conducted in developing countre§24 households, or 88% of the original sampleeha
been surveyed in all the three waves considergtlisnpaper. The IFLS is also designed to track and
survey individuals who split off from the origin#LS1 households to form new househdldshich

increased the sample size in each consecutive ave.

Estimating poverty dynamics and vulnerability tovedy requires the definition of a poverty threghol
(poverty line). Provincial urban/rural poverty Igare available for the 2000 IFLS wave, from Stsais
al. (2004). These lines are the February 1999 pouergs calculated by Pradhaet al. (2001) and
inflated to represent 2000 prices following Suryditet al. (2003)2 | deflate and inflate these 2000 IFLS
lines to obtain poverty lines for 1997 and 2007peesively. Poverty lines for 1997 are obtained by
deflating the 2000 lines using the re-weighted Qamer Price Index, followin@uryahadiet al. (2003).
For 2007, | inflate the 2000 IFLS lines using th#éation rate of the provincial urban/rural povelityes

between 2000 and 2087

® See Witoelar (2005) for details on the trackinigstand their implications.

" The 1997, 2000 and 2007 cross-sectional datasets espectively a sample size of 7,087; 10,257 12h845
households.

8 The Consumer Price Index (CPI) is the weighted stithe change in prices for food and non-food gaties.
Normally, food items represent 40% of the value€C®fl. Suryahadet al. (2003) changed the CPI weights to have
food represent 80% of its value, since the shafead expenditures in the poverty lines in 199@l& 80%. This
change reflects that the poor are relatively mdfected by changes in food prices than by changeson-food
prices. Another reason for re-weighing the CPhét it is calculated only for urban areas.

® For 2007, | do not use the re-weighted CPI becaug603, the National Statistic Office (BPS) chadghe base
year for the CPI. The CPI in 2000 is thus not dlyecomparable with the 2007 one. In addition, begw 2000 and
2007, the number of cities whose price levels asgldor the CPI calculation has increased to 66scit

19 Robustness checks are conducted to test the nemssof vulnerability estimates to the choice @& poverty
threshold by using 2 alternative thresholds: (19e& of poverty lines constructed to mimic the déffimational
urban/rural poverty headcounts (the 1996 povergdbeunt is used for 1997) and (2) a relative pgvieme set at
half the median per capita expenditure distributibimese alternative poverty lines produce simiesults, available
upon request, on the poverty dynamics and vulnkabstimates.
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3 — A descriptive analysis of poverty dynamics

3.1 Changes in the poverty headcount over time

In this section, | first look at the changes in gxy over time using the cross-section data seta feach

IFLS wave. | then focus on households that have beeveyed in all three waves (panel households).

Table 1. Cross-section and panel poverty estimsition

CROSS-SECTION 1997 2000 2007
Poverty rate 15.3% 13.7% 6.6%
Observations 7,022 10,209 12,708
PANEL 1997 2000 2007
Poverty rate 16.5% 17.1% 8.2%
Observations 6,588 6,556 6,262

Note: cross-section estimates use cross-secticgights and (balanced) panel estimates use longaudieights corrected for
attrition (Strausset al 2009, here and in the subsequent tal

Table 1 shows that absolute poverty in the IFLSparhas decreased over time for both cross-settiona
and panel households, which is in line with thedreecorded by the national poverty rates. Amorg th
panel households (surveyed in all three waves)ptherty headcount increases slightly from 1997 to

2000 and is overall higher.

The differences between the cross-section and plat&lpoverty estimates are likely to be causetivby
factors: the split-off effect and attrition. Poweraites are lower in the cross-section becausepliteoff
households are added in each cross-section.ritdeed likely that split-off households are bettérthan

the original households in terms of per capita oomgtion. The second phenomenon affecting the
poverty estimates is attrition. In developing coigs, attrition occurs largely because househdidmge
their location, rather than due to their refusgbacticipate in the survey. In the IFLS howevetitadn is

lower than in similar longitudinal surveys becausethe effort made to follow households that have
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moved, even to other provincEsAccording to Thomast al. (2001), the per capita expenditure increases
between 1993 and 1997 are more than 75% highdroiaseholds that moved compared to those that did
not. Therefore, poverty estimates would be ovaredtd if households that moved since the last wéve
the survey had not been interviewed in subsequanésv Yet, it does not solve everything. As shown b
Thomaset al. (2012), respondents who are most likely to drop foam the survey (and cannot be

tracked) are better off in terms of education, teglarents’ and household characteristics.

3.2 Poverty dynamics

The panel data provides a more complete pictur@ovkerty and socioeconomic mobility. It allows
establishing whether a household is poor or natertain point of time, as well as assessing llaages
in its status from one period to the other. Houtsshthat are below the poverty line in all 3 wawéshe
survey are defined as chronic poor; those who hmeen below the poverty line only in one or two

periods are defined as transient pGor.

Table 2 shows the poverty transition matrices, Wwhiapture movements in and out of poverty. Overall,
these results indicate significant socioeconomidititg,™® with frequents movements in and out of
poverty, for both poor and non-poor households. déerease in poverty over time is observed with the
decrease in the share of non-poor that become mtareen 2000 and 2007 compared to between 1997
and 2000. It is also seen with the decrease ishhee of poor households that remain poor betwéf 2

and 2007. Current poverty remains however a rabtigood predictor of future poverty.

11 As suggested by Thomas al. (2012), attrition since the first wave has bedatieely low and would have been
much higher if none of the households that movetideen followed.

121t is recognized that there is a 7-year gap betweaves 3 and 4, thus it is a restrictive defimitiof chronic
poverty. Further, some of the chronic poor mightehheen non-poor and some point during that gapergéng
possible underestimation and overestimation ofmlsrpoverty (similarly with those never poor).

13 Note that measurement error in the data that walficially increase the observed mobility canbetruled out.
However, these results are in line with - and ptevan updated picture of — the findings of othedists. For
instance, Widyanteét al. (2009) use the IFLS panel for 1993-1997-2000 tonege poverty dynamics and find that
4.3% of households have been poor in all three ®a3@% have been once or twice poor, and 65.7% hever
been poor.
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Table 2. Poverty dynamics among panel householég-2900-2007

Transition Matrix 1997-2000 2000
Non poor Poor
0, 0,
1997 Non poor 88% 12%
Poor 57% 43%
Transition Matrix 2000-2007 2007
Non poor Poor
0, 0
2000 Non poor 94% 6%
Poor 78% 22%

Table 3 summarizes the changes in households’ emmimmic status over the entire period covered by
the panel data. From 1997 to 2007, 29% of the saanipbuseholds are found poor in at least one wave,
and the overwhelming majority of them are transjgodr, having been poor in one or two waves. This
large percentage of transient poor households geswevidence of high levels of vulnerability to pdy

in Indonesia. It suggests that households are yigkposed to risks and are not adequately equipped

maintain their welfare levels in face of such risks

Note that the share of households that are chrbnipaor decreases between the period 1997-2000 and
the next, and only 2% of households are poor i3 ahves. From a policy perspective, this suggbsis
this group increasingly marginalized may be po#diytidifficult to reach through traditional poverty

reduction policies and programs.

Table 3. Type of poverty 1997-2007

1997-2000 2000-2007 1997-2000-2007
Never poor 73.5% 78.1% 70.7%
Transient poor 19.4% 18.1% 27.2%
Chronic poor 7.1% 3.8% 2.0%

Note: Transient poor are those that have been bislewoverty line only in one or two periods; chioopoor
are those that are below the poverty line in @lwaves considered.

Table 4 disaggregates the information presentéthbyie 3 in order to get a better sense of the Bpeci
paths experienced by the transient poor in theettvaves. In line with the decreasing poverty headto

rates, the large majority of transient poor haverbmoving out of poverty. However, 23% went from

10
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non-poor to poor over the period 1997-2007. Houkkkalnerability to falling into poverty therefore
appears to remain an issue even in a context whexall poverty headcount rates are decreasing Thi
can be further seen with the relatively large shudreouseholds that do not have the same poveatysst

in two consecutive waves (NPN and PNP), which arhttuB5% of the transient poor.

In summary, this descriptive analysis shows thatepy is not a static phenomenon. Many households
fall into poverty over time, and many escape, asiidor some time. The analysis of poverty dynamics
indicates a relatively high degree of socioeconomiobility and implies significant levels of

vulnerability to poverty, for the measurement ofieththe framework is presented in the next section.

Table 4. Pathways of the transient poor over 1980022007

Share of all HH Share of transient poor
Out of Poverty PPN 4.9% 18.0%
PNN 7.3% 28.3%
NPN 8.1% 30.7%
Into Poverty NNP 3.7% 12.5%
NPP 1.8% 6.2%
PNP 1.4% 4.4%
Total 27.2% 100%

Note: P=Poor, N=Not poor. This represents the ggwaatus in each IFLS wave.

4 — Measuring vulnerability to poverty: an analytical framework

The previous section has shown that poverty in hed@ is for the most part a transient phenomenon.
This highlights the limitations of traditional pate measures, which present households which areeab
or below the poverty line at a certain point indims homogeneous groups. They fail to accounhfor t
fact that within these two groups some househaldegposed to numerous risks that they might not be
able to mitigate and that can therefore worserr thig conditions. Vulnerability is an importaaspect

of poverty analysis that allows introducing a dyi@adimension to poverty assessments.

11
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There are different definitions and approaches éasuaring vulnerability in the literature (see Houxti

and Quisumbing (2003) and Ligon and Schechter (R@if¥4an overview). In general, vulnerability is a
forward looking concept. | use a practical defomtiof vulnerability, as the risk (or probability)at a
household will be poor in the future, given whah dae observed of its characteristics now. These
observable characteristics include current (perit@ppconsumption as well as a broad set of

(socioeconomic) indicators. Vulnerability can thngsexpressed as follows:
Vulyy = P(pooriyq = 1| Xy, PCE;t) (4.1)

For the estimation of (4.1) | take advantage ofghrel structure of the IFLS. A household is pdatsi

per capita consumption is below the poverty linelnérability therefore depends on properties of the
conditional distribution of future per capita conmtion. More specifically, households vulnerable to
being poor in the future are those that have adapected welfare level and/or are subject to a high
variability in that welfare. | model here the exfgstmean and variance of households’ future peitacap

consumption.

The conditional mean of the log of future consumptexpenditures is assumed linear in the log of

current consumption and household characteristios.regression form is given by:
lnPCEit+1 = 0(+ﬁXlt+)/lnPCElt+Elt+1 (42)

WherePCE;;,, andPCE;; are household future and current per capita expend respectivelyX;; is a
vector of household socioeconomic characteristiessume that the error term is conditionally mean

independent oPCE;; andXy;, i.e. E[g;t41|In PCE;;, X;:] = 0.

Similar to Chaudhurét al. (2002), | also model the conditional varianceudtife per capita expenditures.
The conditional variance is assumed linear in thiedf current per capita expenditures and household
characteristics. Given that E[(InPCE;;y; — E[In PCE;r 1 |In PCE;; , X;:])?|In PCE;; , X;¢] =

E[eZ.1|In PCE;; , X;], the regression model of the variance is writtefoflows:

(€it+1)? = @+ Xy + PIn PCE; + Ujrqq (4.3)

12
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This two equation model is estimated sequentia@lpg Ordinary Least Squares (OLS). In the firspste
estimate (4.2), and the parameter estimates obtairgeused to construct the residuals,. The squared
residuals parameters are then used in (4.3) tmaithe conditional variance of household futuee p

capita expenditures.

The approach adopted here appears similar to thabped by Chaudhuet al. (2002). They however
deal with the problem of investigating the dynarnancept of vulnerability to poverty using a cross-
sectional dataset. In fact, Chaudhetial (2002) assume that the cross-sectional mean arianee of
current per capita consumption given household adfteristics are appropriately approximating the
conditional mean and variance fofture per capita consumption, givenirrent per capita consumption
and household characteristics. In the next sectialso estimate vulnerability using the Chaudl=aral
(2002) approact! In the empirical section | conclude that theiogedure is rather weak in terms of

accurately predicting future poverty.

One way in which the approach developed here diffem Chaudhurét al. (2002) is by the inclusion of
current consumption as one of the predictors afrfutonsumption. This allows accounting for thrégho
effects that would be associated with poverty trapsong others. Indeed, current expenditure lemeas
the best predictors for future expenditure levétsaddition, the approach adopted here also allows
estimating whether, at a given level of currentfarel, different households are more subject to lshoc

(and/or have different access to and use of copieghanisms) than others.

Following Chaudhurét al. (2002), | assume that future consumption is lognadly distributed, with the
estimated conditional mean and variance obtainexitin the two-step regression approach above. This
allows estimating household vulnerability to poyertor the probability of being poor in the future

conditional on current consumption and househottatteristics, by:

14 See Chaudhuri (2002) and Chaudhuri, Jalan andaBady (2002) for details on the method.

5 An abundant literature on household vulnerabiitypoverty focuses on the impact of the occurresfcghocks
and the implementation of consumption smoothinghraeisms, in particular for rural households; seg Kochar
(1995) and Dercon and Krishnan (2000).

13
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ﬁlit _ P?(ln PCEyp,, < Inpl| PCEy X)) = ® (lnpl—E[lnPCEit+1| PCEit.Xit]>

JVINPCE;¢41| PCE;¢.X (]

(4.4)

Wherepl is the poverty line.

Another way to estimate (4.1) is to directly estienthe probability of being poor i+1 using a probit
model, thereby making the assumption that the ¢immdil variance of future per capita expendituses i
constant across households. This model is simplémplement, and therefore provides an interesting
comparison. It allows, for instance, assessingitiportance of allowing the inter-temporal variarice

consumption to depend on household current consomahd characteristics.
5 — Results

5.1 Vulnerability estimates

| estimate the panel data models introduced irptegious section using the 1997 and 2000 wavelseof t
IFLS.*® The cross-sectional model described in Chaudétual. (2002) is estimated for 1997 and 2000.
The 2007 wave of the IFLS is used to evaluate #speactive performances of these models, out of
sample, in the next section. In all regressionsset of characteristics representing household
demographics, educational attainment, labor mar&sicipation, access to basic (energy) serviceseta
and social capital are used. Most are derived filoencorrelates identified as best predictors offavel

using the approach developed in Bah (2013).

The results of the vulnerability regressions usiing 2 methods described in the previous section are
displayed in Table 5. Columns (1) and (2) of Tablghow the results of the estimation of the exgkcte
mean and variance of the future consumption digioh, which we will refer to below asonsumption-

based and columns (3) shows the probit regressiondteesuhich we will refer apoverty dummy-based

16 Note that all per capita expenditures are appatglsi deflated to capture regional price variatom to represent
constant levels of welfare over time.
" Table Al in Annex lists all independent variableih their descriptive statistics.

14
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Columns (4) and (5) display the results from thea@thuri method relying on cross-section, for

comparison.

Table 5 shows that the 1997 consumption levelgrifitantly associated with future consumption and
poverty. The consumption- and poverty dummy-basgiinates generate similar results in terms of the
variables associated with future poverty. The patens have opposite signs, since being poor implies

having a lower expected consumption.

Urban households, interestingly, as well as lameskholds with more children aged below 15 andethos
with at least a member working as a private emppgppear more likely to have a lower future welfar
level and be poor at a given level of (current)fare. Households with a higher educational attaintme
(both of the head and on average in the householtl),in-house access to non-drinking water, with a
private toilet with septic tank and households @ogkvith gas are significantly less likely to bedom
poor in the future, at a given welfare level. lengly, households that have accumulated aspptana

better able to deal with adverse shocks at the samsumption level.

In addition, it appears that the conditional vateof future consumption also varies significamttyoss
household characteristics. Larger households witblderly head are likely to have a higher varigbih
consumption, which also translates into havingghdsi probability of becoming poor at a given lewtl
consumption. Household size is thus a variable ithaot only associated with lower expected future
welfare, but also with more risk to that welfardyaseas household average schooling years and otigpos
of private toilet with septic tank are both assteawith a higher and less risky future welfare.
Households with at least one self-employed memppear to have both a higher expected future welfare
and higher variability in that welfare. It is al$oteresting to note that participating arisan'® is

associated with a higher future expected welfavel]ebut not with the variability in that welfar&his

18 Arisanis a form of rotating savings and credit assonieti(ROSCA).

15
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suggests that these community- or network-levelingagroups might not be efficient in insuring

households against consumption fluctuations.

The future consumption-based estimates (column} 4r2 in a sense similar to the results of the
Chaudhuri approach (columns 4-5). The main diffeeefies in the fact that in column 1-2 current
consumption is included as a predictor of futurastonption. Current consumption appears clearly the

best predictor of future consumption (with a tistat of about 30).

5.2 Assessing the predictive power of vulnerabilitgstimates for future poverty.

The use of panel data to estimate vulnerability been relatively neglected in the literature beeanfs
the relative scarcity of panel surveys in develgpaountries. However, | show in this section that
estimating vulnerability using panel data providiggmificantly better predictions of future pove(iy and

out of sample), and should therefore be prefelted.

9 Increasing interest in analyzing poverty dynamérapng others, has been accompanied an incre#se fmumber
of longitudinal data collection efforts (see e.gquih and Hoddinott 2000 for a review).
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1)

2

Future consumption

®3)

Poverty dummy

4)

®)

Chaudhuri

E[PCE(00)] V[PCE(00)] Pr(Poor in 2000) E[PCE(97)] [PCE(97)]
VARIABLES PCE(97), X(97) PCE(97), X(97) PCE(97),%) X(97) X(97)
1997 Log per capita expenditures 0.293*** 0.095*** -0.530***
(0.017) (0.018) (0.059)
Urban dummy -0.086*** 0.001 0.246*** -0.074*** 0.an
(0.022) (0.023) (0.065) (0.023) (0.035)
Young HHH -0.034 0.060* 0.131 -0.019 -0.040
(0.034) (0.033) (0.089) (0.034) (0.041)
Elderly HHH -0.044 0.080** 0.171** -0.037 0.126**
(0.029) (0.032) (0.073) (0.032) (0.058)
Male HHH 0.015 -0.052** -0.082 0.020 -0.058
(0.025) (0.026) (0.069) (0.027) (0.047)
HH size -0.026*** 0.022** 0.061*** -0.113%** -0.0®
(0.007) (0.008) (0.021) (0.007) (0.0112)
Nb children aged < 15 -0.037*** -0.026** 0.031 -QQ* -0.009
(0.010) (0.0112) (0.029) (0.0112) (0.016)
HHH education: Junior SS 0.042 -0.006 -0.058 0.699*  0.000
(0.028) (0.029) (0.092) (0.032) (0.051)
HHH education: Senior SS 0.109*** 0.032 -0.174 @73 0.007
(0.032) (0.040) (0.110) (0.033) (0.059)
HHH education: University 0.210*** 0.050 -1.064*** 0.386*** 0.112
(0.051) (0.055) (0.372) (0.061) (0.137)
Average schooling years 0.023*** -0.016*** -0.067** 0.04 1%+ 0.001
(0.005) (0.005) (0.014) (0.005) (0.009)
At least 1 HHM is private employee -0.070*** -0.021 0.178*** -0.068*** -0.033
(0.019) (0.020) (0.057) (0.020) (0.033)
At least 1 HHM is self employed 0.057*** 0.034* a1 0.047** 0.033
(0.019) (0.019) (0.057) (0.020) (0.031)
Cooking fuel: gas 0.287*** 0.048 -0.406** 0.346*** 0.153
(0.039) (0.040) (0.184) (0.044) (0.1112)
Cooking fuel: wood -0.054** -0.022 0.087 -0.239***  -0.054*
(0.022) (0.023) (0.064) (0.024) (0.033)
In-house source of non-drinking water 0.051** -@01 -0.062 0.138*** -0.020
(0.020) (0.021) (0.065) (0.022) (0.032)
Private toilet with septic tank 0.103*** -0.046** 0:213** 0.100*** -0.018
(0.020) (0.021) (0.061) (0.022) (0.035)
Asset: TV 0.086*** -0.012 -0.194%** 0.199*** 0.010
(0.020) (0.022) (0.058) (0.021) (0.028)
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Table 5 (continued)

1) 2 ®3) 4) ®)

Future consumption Poverty dummy Chaudhuri
E[PCE(00)] V[PCE(00)] Pr(Poor in 2000) E[PCE(97)] [PCE(97)]
VARIABLES PCE(97), X(97) PCE(97), X(97) PCE(97),%) X(97) X(97)
Asset: Fridge 0.056*** 0.018 -0.113* 0.005 0.013
(0.021) (0.024) (0.068) (0.023) (0.032)
HHM arisan participation 0.087*** 0.004 -0.230*** 0.134*** -M49*
(0.018) (0.019) (0.053) (0.019) (0.029)
Constant 8.091*** -0.723*** 5.129** 11.774%* 0.46***
(0.206) (0.213) (0.689) (0.0412) (0.057)
Observations 6,227 6,227 6,227 6,246 6,246
R-squared 0.356 0.020 0.177 0.355 0.007

Notes: HH stands for household, HHH for househ@ddhand HHM for household membaArisanis a rotating savings group. For the
Probit regression (column 3), R-squared is the MddEn Pseudo-R-squared. Standard errors in pasesth#* p<0.01, ** p<0.05, *
p<0.1

Data from a two-wave panel can be used to estirpatameters. The parameters can be applied to
compute vulnerability indexes in alternative (pai@ty cross-sectional) data sets, like the SUSENAS
(for the Indonesian case). Newer rounds of pani dan then be used to update the parameters needed
for computing vulnerability indexes. To prove tipigint, | provide an out-of-sample comparison of the
predictions of the panel-based vulnerability meesuwith the ones from the Chaudhatial. (2002)
method. Using the parameter estimates from table&nstruct consumption- and poverty dummy-based
vulnerability indexes for 2000. | then compare piredictions of these measures and the Chaudhuri

measures for 1997 and 2000 to actual poverty @gadizs in 2007.

The relationship between the vulnerability indexe2000 and actual poverty in 2007 are presented in
Figure 1. | find that all vulnerability measureseosstimate the real likelihood of being poor in 260
they are estimated at a period when the poverty wats higher, therefore households have a higher
predicted probability of future poverty. The congiion- and poverty dummy-based measures however
appear to be significantly better predictors ofifatpoverty compared to the (1997 and 2000) Chaudhu

measures. The better predictive power of the oaafiple (OOS) panel-based measures is most apparent
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in the top-right area (which is the most relevamgaa of the graph, the area where households have a
vulnerability index of 50% and above. The panehdatthods are much closer to what actually happened
in 2007. For example, nearly 80% of the househulitls a vulnerability index of 100% were actually
poor in 2007 (wrongly predicting only 20% of theebservations). In contrast, less than 40% of
households deemed future poor with a high proligbili vulnerability index above 50% - by the
Chaudhuri measures actually became poor in 200Gthier words, the cross sectional method has severe

difficulties identifying the highly vulnerable.

Table 6 shows the same vulnerability estimatesgdisegated for the 2007 poor and non-poor. Panel A
shows the mean of the 2000 vulnerability estim&tesasumption- and poverty dummy-based are out-of-

sample estimates), or predicted future povertysrapanel B shows the share of households predicted
highly vulnerable - vulnerability index greater th&0% - and panel C shows the share of households

predicted vulnerable - vulnerability index gredtean the current poverty rate.

In Panel A of Table 6, vulnerability estimates agphkigher overall for the consumption- and poverty
dummy-based measures, compared to the Chaudhasiumes, including for the non-poor. This is due to
the fact that the consumption- and poverty dumngelaestimates are derived from a time when the
poverty rate was higher than in 2007, thereforg tead to “overestimate” the predicted future poyer

rate.
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Figure 1 - Cross-validation of the Vulnerability Measures

Poverty in 2007 as a function of vulnerability in 2000
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Note: Non-parametric regressions (lowess smoothing) of the probability of being poor in 2007
on the estimated vulnerability in 2000 (1997 vulnerability for Chaudhuri 1997).

Probit and consumption-based vulnerability measures are out-of-sample estimates,

i.e. constructed by applying parameters estimated on 1997 data to 2000 data.

Among the poor, the consumption- and dummy-basdin&es appear higher than the Chaudhuri
measures. In particular, for the share of househplgdicted highly vulnerable, the Chaudhuri 1997
measure does not allow distinguishing between tw pnd non-poor in 2007. About 3% of both poor
and non-poor have a Chaudhuri 1997 vulnerabilideinabove 50%, compared to 9-10% of the 2007
poor that are predicted highly vulnerable by thegbdased measures. . Among the poor households of
2007, about 90% are predicted vulnerable accorttinthe out-of-sample consumption- and poverty

dummy-based vulnerability measures, compared tata®s% for the Chaudhuri measures. This out-of-

20



Etudes et Documents n° 25, CERDI, 2013

sample exercise thus validates the high predigoeer of the consumption- and poverty dummy-based

measures for future poverty.

Table 6: 2000 vulnerability estimates and 2007 @gboverty

Total Poor 2007 Non-poor 2007
A: Mean Vulnerability
OOS Poverty dummy-based 14.2% 26.5% 13.0%
OO0OS Consumption-based 15.5% 27.7% 14.3%
Chaudhuri 1997 9.3% 15.5% 8.7%
Chaudhuri 2000 9.2% 16.5% 8.5%
B: Share of Households Predicted Highly Vulnerable
OOS Poverty dummy-based 2.1% 9.3% 1.4%
0OOS Consumption-based 2.4% 10.0% 1.6%
Chaudhuri 1997 3.4% 3.2% 3.4%
Chaudhuri 2000 1.3% 3.8% 1.0%
C: Share of Households Predicted Vulnerable
OOS Poverty dummy-based 58.1% 89.1% 55.1%
OO0OS Consumption-based 63.7% 92.2% 61.0%
Chaudhuri 1997 19.1% 36.3% 17.4%
Chaudhuri 2000 15.4% 34.2% 13.5%

Notes: OOS stands for out-of-sample, i.e. obtafn@th applying parameters estimated using
(consumption and household characteristics) 198 tdgconsumption and household
characteristics) data from 2000. Households predibighly vulnerable are those with a
vulnerability index above 50%; households predictetherable are those with a vulnerability
indexabove the 2000 poverty rate (17.- see table 1

6 — Concluding remarks

In this paper, it is confirmed that, although Indsia has been quite successful in decreasing trertgo
rate over the past decades, there has been sstagigeeconomic mobility over 1997, 2000 and 200Th wi
frequent movements in and out of poverty. A largepprtion of the population (27%) has experienced

poverty at least once.
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Reducing poverty in a sustained way and targetssistgance to the neediest population groups require
being able to identify the groups that are moreerdble to becoming or remaining poor in the future
This paper therefore proposes a method to estihmateehold vulnerability to poverty as the prob&pili

of being poor in the future given current charastes, including consumption. This method, based o
panel data, provides helpful information for bepeticy design towards these two goals. It corrabes
that there is high vulnerability to poverty in Indisia; about 60% of households are deemed vulreeirabl
2000 whereas the poverty rate of that same yebr%. Furthermore, this method is shown to be useful
to measure vulnerability in an efficient way to guee valid predictions of future poverty: about 86%6
the households with a 2000 vulnerability index 60% were actually poor in 2007. The accuracy of
these out-of-sample vulnerability estimates praovidegyood argument for implementing the method using
one (panel) sample and applying the parameterénebtan another (potentially cross-sectional) sampl

in order to predict the probability of future poter

In Indonesia, as mentioned earlier, vulnerabibtgurrently defined as the population that liveghwip to

1.2 or 1.4 times the poverty line. This definitibas been used recently for determining the coveoége
the Social Protection Card#rtu Perlindungan Sosial KPS) launched in June 2013. Using this card,
eligible households are entitled to receiving bigsefom three social protection programs — a rice
subsidy program,Beras untuk Rumah Tangga Miskin — Raskénscholarship progranBéntuan Siswa
Miskin — BSNI; and a temporary unconditional cash transfer panogBantuan Langsung Sementara
Masyarakat - BLSM The KPS currently covers 15.5 million househpld&ich corresponds to the

poorest 25% of the Indonesian population.

The method proposed in this paper confirms thatectiiconsumption is an important predictor of fatur
consumption — and its variability. Furthermore, aagiven level of consumption, certain household
characteristics such as the average schooling avible working status of the head are associatdd w

higher vulnerability to poverty. Using this methimdcombination with the reference to the poverheli
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currently applied in Indonesia would therefore wllfine-tuning the definition of the target for saki

protection programs k€. vulnerable households.

Moreover, the method proposed here to estimatecvalhility is more appropriate to support the design
and planning of poverty reduction policies and paogs, especially when a recent panel data set is
available. By providing a profile of vulnerable tsaiolds and by disentangling characteristics asisati
with lower future welfare and those associated witire variability in that welfare, it allows idefying
population groups that can be targeted with spedifierventions. For instance, households with an
elderly head appear to have a higher variabilitthigir consumption, at a given consumption levéisT
could suggest the establishment of an old-age gmargram for those elderly that are excluded from t
formal pensions system as a potential interventionreduce poverty. Such information on the
characteristics associated with a higher probglolitfuture poverty is even more useful given tedag

often occurring between the design, planning amlémentation stages of social protection policies.
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Table Al: List of explanatory variables from 199%ldheir descriptive statistics

Variables

N Mean Sd Min Max

Log per capita expenditures

Urban dummy

Young HHH

Elderly HHH

Male HHH

Household size

Nb children aged <15

HHH education level: Junior secondary school
HHH education level: Senior secondary school
HHH education level: University

Average schooling years in the HH

At least 1 HHM is a private employee

At least 1 HHM is self employed

Cooking fuel: gas

Cooking fuel: firewood

Source of non drinking water inside the house
Private toilet with septic tank

Asset: TV

Asset: Fridge

HHM arisan participation

6587 11.64 0.77 9.14.8516
6624 43.5%
6624 9.2%
6624 12.3%
6624 83.9%
6624 4.57 202 1 18
6284 15 134 O 9
6624 1.4%
6624 4.5%
6624 5.0%
6624 4.83 3.13 017
6624 42.1%
6624 57.3%

6621 7.8%
6621 49.6%
662B7.3%

6624 42.1%
6624 56.4%
6621 27.8%

6624 53.6%

Notes:HH stands for household, HHH for household head adiHor household membeArisanis a
rotating savings group. For dummy variables, thanrie expressed in percentage.
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