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Abstract

This paper compares and contrasts the usefaafr $a K@MMTIQ YSGK2R& FT2NJ Al
households: (i) the poverty probability method; (ii)) OLS regressions; (iii) principal components
analysis and, (iv) quantile regressions After evaluating thesefour methods using two
alternative criteria (total and balanced poverty accuracy) eewresentativehousehold survey

data from ruralVietnam,we conclude that the poverty probability methbdavhich can correctly

identify around fousfifths of poor and norpoor household® A & (G KS Y 2 & (i -Old&d @dzNJ
method for measuring poverty for specific spbpulations, or in years when household surveys

are not available We then test the performance of the poverty probability method with
different poverty lines andsing two alternative household surveys, and find it to be robust.
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l. INTRODUCTION

In most developing countries, it is only feasible to conduct detailed household surveys every
few using relatively small samples of househol@ise results of these surveys casuallyonly

be disaggregated to the regional @rovincial level, and cannot beisaggregated for many
population groups that are fointerest to policy makerqfor example, pecific occupatiors or

ethnic groupings)However government and donor agenciefien require that poverty should

be monitoredon an annual basi®r specificadministrativeor project areaspr require projects
demonstrate their impact on specifigroups or occupatiors. Poverty measurement using
household surveys is also difficulexpensive and time consuming requiring detailed
information is collectedon all the different components ohousehold expenditure and/or
incomes.

Shortcut methods for measuring poverty in specific areas or-gopulations have therefore
been devised for around 30 developing countries, most noticeable by the Grameen Foundation
and USAID Poverty Assessment Tools prdjeEgpicaly these methodsuse 10 to 20 easily
verifiable indicatos to obtain @ index orscore thatis highly correlated witthousehold poverty
status. Using thee shortcut methods nonspecialiss can collect datdor each householdn

the field in tento fifteen minuteswhich provides a reamable accurate prediction of ifsoverty
status. However, there have been few attempts to systematically compare such methods
(especially using outf-samplepredictions).

Thispaper compares and contrasts the usdafir ¥ a4 K@dediQ YSGK2Ra F2iNJ YSI :
rural Vietnam These three methods, which vglall hereafter describeollectivelyas poverty

proxy methods,are: (i) the poverty probability ethod; (ii)) OLS regressions; (iii) principal
components analysiand (iv) quantile regressiorEach of these poverty proxy methods have

been used in the past in Vietham using different datasetd povery lines (see Section),lbut

to datethere has beemo study which compares the accuracy of these different methods using

the same data set, and few which hagemparetheir out-of-sample predictive power using
different data sets. Accordingly, thistudy uses the 2006 Viethamese Household Living
Standaré Survey(VHLSS 2006p test these four methods for rural household using a
common international poverty line ($1.25/day in 2005 PPP tern¥sfter evaluating theséour

methods usingtwo alternative criteria (total and balanced poverty accuracy, whak
explained below), we also test the mod@berformance with different poverty lines and its eut
of-sample performance using two alternative data sources (the VBILE®4, and amall,high

quality panel survey from NortliVest Vietham). We conclude dh the poverty probability
YSGK2R Aa (KS YD Q] FCdeKI2z RS FTRAK2YNTIF a dzNA y 3 L
populations of interest, or in yeawhen representative househosairveys are not available.

ll. LITERATURE REVIEW

This sectiorprovides abrief overview ofsix previous applicationsf poverty proxy methods in
Vietnamin approximatechronological ordef While two of these studies have been developed

! Seewww.microfinance.or@ffPoverty Scoring and www.povertytools.org
% This section draws on Chen and Schreiner (2009).
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independently by Vietnarbased researchers, the remaining four are part of larger eross
codzy i NBE STFF2NIa (20dR Q090220 IMTy8G WaAKSENTY Sy (I F 2
organisations.

2.1. Baulch (2002)

In the earliest known application opoverty proxy methods in Vietnam,Baulch (2002)
constructed two composite poverty indies using the natioal poverty line of 4,904
Dong/person/day and the Vietnam Living Standards Survey (VLSSP89%Baulch used a
combination of Receiver Operating Characteristic (ROC) curve technique to assess and stepwise
probits to build hispoverty indices, whicltontains six indicators for urban areas and twelve
indicators for rural areaHeassesses the poverty accuracy of this method didtnot validate

his results using a different dataset.

2.2. Sahn and Stifel (2003)

As part of a larger crosountry studyinvolving LSMS type data from ten developing countries
Sahn and Stifel (2003) used factor analysis and the 1992/3 and 1997/8 VLSS to construct an
aFaasSid AYRSEZ F2N #ASGyrYod ¢KS AyRAOI G2NA
residence quality and edutian of the household head. Sahn and Stifel (2003) did not test their
asset index on other datasets. Moreover, their study did not indicatpateerty accuracy, i.e.

its accuracy in correctly identifying and targeting the poor.

2.3. Gwatkin et al. (2007)

Gwakin et al. (2007) also usqatincipal omponens a/ | f € A a4 (G2 ONBIFGS | da;
7,048 households in the 2002 Vietham Demographic and Health SUivieywas part of a wider

World Bank sponsored project to produce wealth indices for 56 deumjopnd transition
economies. In all these study, poverty is defined in relative, rather than absolute terms.
Gwatkin et alconstruct ad ¢ S I £ (i Kor igfhBnSu&irgy 18 indicators.rihcipal components
analysis (PCA§ usedto generate a weight forach household item with available information.
Thewealth index scoras thencalculated for each household by weighting the response with
respect to each item pertaining to that household by the coefficient of the first principal
component and summing theesults. The wealth indexis standardized in relation to a
standard normal distribution with a mean of zero and a standard deviation of one.

While powerful and relatively easy to calculate, it is difficult to theewealth indexto estimate
poverty raes at the household or individual level. Furthermats,accuracy was not tested in
Gwatkin et al. (2007) and thesodid not validate their wealth index using a different dataset.

2.4. IRIS Center (2007)

USAID commissiongte IRIS Center at thegniversity of Maryland (IRIS 2007) to build a poverty
scorecard for Vietnamalong with 28 other developing countries as part of its Poverty
Assessment Tools project (www.povertytools.org) IRIS (2007) consider y f & {1 L5
GSEGNBYSE L2 3&ND \BND B,81¢ Dersordiydirh J@rudry 1999 prices) and used
VLSS 1997/8 data for its analysis. IRIS use 17 indicators including household size, household
KSIRQA 38> 2gySNEKALI 2F Y2(0i2NOe0OftS Si0d CNJ
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usingfour different methods: OLS, quantile regression, linear probability and panlitusethe

G. FtFyOSR t2@SNIie ! OW@lnNIUSAD HaMRAsin& NaRlghtgd anddis t !
explained below, to evaluate these methodéfter comparing these four modelsRIS
recommendsthe use of quantile regressions for determinirtge poverty status of households

in Vietnam Usingi KS ' {1 L5 GSEGNBYSEé theAlf1$ methydiroduéeSa m oo
BPAC is 61.7. The IRIS Cealsodid not validate their results usg a different dataset.

2.5. Linh Nguyen (2007)

In a paper for the Asian Development Bahkph Nguyen (2007) uses multiple regression
techniques to assess poverty using the VHLSS 2002 data. This technique detects variables or
LINSRAOG2NE GKFG FNBE O2NNBfIGSR gAGK | K2dzaSH
its poverty status. She usdavariate and multivariate analysis to narrow down the number of
variables from an initial list of 60 variables to 22 indicators in rural and 15 indicators in urban
areas. Linh Nguyen (2007) validated her results using the VLSS 1998 data and a diieset of
VHLSS 20Q#r Thanh Hoa and Nghe Anovinces.

2.6. Chen and Schreiner (2009)

Schreiner and colleagues have developed poverty scorecards for the Grameen Foundation in 28
developing countrieswww.microfinance.com/#Poverty ScoringChen and Schreiner (2009)
developl a A YLX S L2 @ SNethamwihOl? Ndcatbrd\sBlécted from an initial list

of 150 indicators drawn from the VHLSS 2006. Each indicdiostiscreened with an embpy-

0l &SR Gdzy OSNI I Ayde O2STFAOASY (& UGKIG YSI adzNE
own. Their final indicator selection uses b@ildgmentand statisticsd forward stepwiselogit).

The final scorecard is built using RPP $.75/day poverty ine and a logit regressichOne
advantage of Chen and Schreiner (206#thod is their validation of the scorecard using the
VHLSS 200#owever, its performance is not compared to those of other methods.

Appendix Alsummarises and compares theffdrent indicators that were used to predict
poverty in each bthese studiesand compares them with those proposed in this paper.

lll. DATA AND METHODS

We useddata from theVHLS2006 the most recent available national income and expenditure
survey in ViethamThe data coveover 45,000 households irural and urbanareas. Itincludes
information on household income, assets, expendifumad other socieeconomic dimensions.
Using theVHLSSO@ata, we compare the results of three poverty proxy approathaddition,

we usedthe VHLSS004 and the Thanh Hoa Resurvey data for validation of estimates of
poverty rates.

CKSNE IINB G662 a2FFAOAL & LI2 OSaDibEce (GSQ) Belineshay + )
food poverty line based on the expenditure required to obtain 2100 calories per person per day.
Based on the food poverty line, the national poverty lines are then defined as the food poverty
lines plus norfood expenditure by aaference group with food expenditure close to the food

® Chen and Schreiner justify the use of a PPP $ 1.75/day poverty line by saying that it is close to the national
poverty line.
* The expenditure data are collectdrom a subsample of just over 9,000 households.
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LI2 OSNIié fAySod ¢KS D{hQa LROSNI& fAyS Ara SIJd:
prices.t KS D{ hQ&a LI2OSNI& ftAyS AazX K26SOSNE ol &SHK
1993, and hasnly been updated by inflating its food and-éood components by the relevant

price indices.

An alternate set of poverty lines are set by Ministry of Labour, Invalids, and Social Affairs
(MOLISA) for 20@2010 as VND 6,575/person/day for rural areas &MND 8,548/person/day

for urban areas (Chen and Schreiner 2009he MOLISA poverty lines are administratively
determined and updated periodically to reflect changes in both the cost of living and living
standards. In contrast to the General Statistic¥G A OSZ ah[ L{! Q& L}2 gSNI &
capita incomes. At the present time, there is an ongoing debate about the updating of the
MOLISA poverty lines for the 2011 to 2015 period.

Because of the dated nature of both thife GSO and MOLI$&verty ines, the poverty lines

used n our analysis ar¢ghe international poverty lines of PPP $1.25 and $2.00 per person per
day. These lines were calculated by the World Bank using household survey data from 116
countries together with the results of the 2008térnational Comparisons Project (Ravallion et

al., 2008) In Viethamese Dong, the $1/8ay lineis equivalent to VND 242,250/person/month
while the $2/day lineis VND 387,6@/person/month, inJanuary, 2006 priceS.hese are the
poverty lines which moshternational and bilateral donors use for monitoring the MDGsose

with incomes (or expenditures of less than PPP $1.25/day are usually regarded as extremely
poor, while those living between PPP $1.25 and $2/day as moderately poor.

We use two criteria toassess the accuracy in predicting poverty. The first criterion is total
accuracy, i.e. weighted average of poverty accuracy andpowerty accuracy. It is calculated
by the following formula:

Total accuracy= Headcount index x Poverty accuracy-+Hg@adcant index) x Nomrpoor
accuracy. (2)

The second criterion is BPAC index, adopted by USDA in its poverty assessment. The BPAC inde»
is calculated by the following formula

BPAC= (Inclusiom | Under-coverage¢ Leakage|) x [100 + (Inclusion ¥ndercoverageg]

2)

in which, Undercoveragé 0KS adNHzS¢ LJ22NJ ApgoD 2xibisBed astagd  LIN
LISNOSyGF3S 27F deakagef & (i NHpBar inddigegtifredicted as pop
SELINBa&aSR & | LISNDSnflislol SGH RS & a NHzS ¢ o LINBZNE O RIN
L22NE SELINBaaSR la | LISNOSyGr3as 2¥ G241t &dN
In other words, BAC is the poverty accuracy nsnihe difference betweennder-coverageand
leakageexpressed: & LISNOSy Gl 3Sa 2F G2a0F€f aGNHSE LR221
accurde poverty identification is. Thus, the total accuracy index shows percentage of people
correctly identified as poor and negmoor. On the other hand, the BPAC index givesre

weights to poverty accuracy.

Ly fAYS GAGK tLQ&a 321t 2F NBRAzZOhegBPAQLRSASMNI & |
Accuracy combines accurate identification of both poor and-poar, this measure is only

useful if one is interested ian aggregate assessment of poverty status without wanting to

target the poor specifically. Indeed, in some cases, a proxy method with high Total Accuracy can
give a highly inaccurate identification of poor people. For example in Table 5, at thodf cut
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point of 0.5, Total Accuracy is the highest (82.74) but only 38.1 percent of the poor are correctly
identified. So for this reason, we focus on the BPAC in assessing different poverty proxy models.

We also employ Receiving Operating Characteristic (ROC)scareea graphical way to show

the accuracy of different povertyrpxy methods. ROC curves aren-parametric diagrams

which portray the ability of different diagnostics testsdistinguish between a binary outcome

and wereoriginally developed for use in electrical engineering and signal processing (Baulch
2002 Wodon, 1997). A ROC curve shows the ability of a test to distinguish between two states

or conditions. In poverty analysis, ROC cargktthe probability of a tet correctlyidentifying
apoorLISNE2Y | & LI22N) o6OFIffSR a (KS GSadqQa aas
the probability of the same test correctly classifyingqi@-poor person as no#poor on the
K2NAT 2y il f ONRAABISODFADSREEADPIKS GSadQa «a

V. CONSTRUCTING POVERTY PROXIES FOR
VIETNAM

1. Poverty indicators

In order to assespoverty, we use threealternative poverty proxy methods the poverty

probability frobit), OLSregression and principal component analysis (PCA$.shown in

Section 2, hese are the three most commonly usephethods in poverty proxy studies in
Vietnam (as well asother developing countrieg. After comparing the accuracy of these
methods inidentifying the poorand norpoor in rural Vietnam we then sedct our preferred

model.

At the first step we collect48 potential poverty indicatorsat household levélin the following
categories

- Householdcharacteristic§such as household size, sharkfemale members share of
children)

- Educationindicators & dzOK | & K2 dza SK 2 f{RS @SS IZR O LI2 IR B@ &L
level).

- Housing indicatorss(ich as type of the niaresidence, type of toilgt

- Asset indicators (@nership of durable goods sa@s motorcycle, bicycle, radio

- Agriculture and landrariables guch as whether the household grows crops, annual crop
areas, total area, irrigated arga

The list of candidatéendicatorsis presented in Table, Tategorized by poverty status (based on
the absolute international poverty line of PPP $1.25).

Table 1: Mean values dfandidate Poverty Indicators

Rural Urban
Type Poor | Non- Poor | Non-
Housing poor poor
Living area Continuous| 50.19 | 62.41 |50.74 | 71.16
Own house Binary 0.97 0.98 0.96 0.95

®We do not use commune or village level information as our aim is to construct aandeasy method for
LINBRAOGAY3 | K2dzaSK2f RQa LR GSNIe adl Gddao

ProsPERITY ,
INITIATIVE

Market Forces Reducing Poverty




Vila.  or house with privat{ Binary 0 0.04 0.05 0.29
bathroom/kitchen

House with shared bathroom or kitchel Binary 0.06 |0.14 0.05 |0.11
Garden Binary 0.2 0.26 0.24 |0.15
Semipermanent house Binary 0.62 |0.64 0.6 0.52
Drinking water from private tab Binary 0.03 |[0.08 0.2 0.56
Flush toilet Binary 0.06 |0.27 0.34 |0.79
Doublevault toilet Binary 0.3 0.39 0.24 |0.11
Electricity Binary 0.87 [0.95 0.95 |[0.99
Daily water from private tab Binary 0.04 |0.08 0.23 | 0.57
Daily water from well Binary 0.63 |[0.72 0.64 |0.39
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¢FroftS m 002y Qo0
Household characteristics Rural Urban

Type Poor | Non- Poor | Non-

poor poor

Have land for agricultural purpose Binary 092 |0.85 0.24 | 0.56
Irrigated area Continuous| 0.27 | 0.46 0.27 |0.38
Annual crop area Continuous| 0.51 | 0.47 0.33 |0.31
Household size Continuous| 4.77 | 4.22 465 |4.11
Totalland area Continuous| 0.84 | 0.89 0.5 0.66
Head's age Continuous| 48.43 | 49.32 |51.71 |50.89
Share of under Jyear old members | Continuous| 0.30 0.21 0.27 |0.18
Share of female members Continuous| 0.54 | 0.51 0.54 |0.52
Share 6 members aged 159 years Continuous| 0.53 | 0.66 0.55 |[0.69
Head is illiterate Binary 0.02 |[0.02 0.03 |0.02
Head finishing primary school Binary 0.26 0.27 0.28 0.2
Head finishing secondary school Binary 0.19 |03 0.18 |0.27
Head finishing high school and above| Binary 0.04 |0.12 0.07 |0.35
Spoussdinishing primary school Binary 0.20 |0.24 0.20 |0.16
Spouse finishing secondary school Binary 0.15 [0.23 0.14 |0.20
Spouse finishing high school and aboy Binary 0.02 0.08 0.03 0.27
Minority Binary 0.39 [0.13 0.14 |0.04
Crop cultivation Binary 0.89 |0.8 0.53 |0.22
Wage job Binary 0.78 [0.99 1.05 1.24
Agricultural job Binary 2.39 1.9 1.29 |0.45
Nonfarm selfemployment Binary 0.25 |[0.55 0.53 |[0.83
Ownership of assets and durable goods
Computer Binary 0 0.03 0.01 (0.2
Radio Binary 0.09 |[0.12 0.09 |0.12
Television Binary 0.6 0.86 0.71 0.94
Video cassette Binary 0.19 |0.44 0.3 0.61
Stereo Binary 0.04 0.14 0.08 0.24
Refrigerator/freezer Binary 0.01 [0.13 0.06 |0.52
Laundry machine Binary 0 0.03 0.01 |0.26
Electric fan Binary 0.61 [0.82 0.68 |0.9
Gas cooker Binary 0.04 |03 0.2 0.7
Rice cooker Binary 0.24 |0.59 0.45 |0.84
Wardrobe Binary 051 [0.82 0.7 0.9
Bicycle Binary 0.56 0.67 0.56 0.59
Motorbike Binary 0.25 |0.52 032 |0.72
Fixed telephone Binary 0.02 |0.21 0.1 0.62
Mobile telephone Binary 0.01 0.1 0.03 0.37
Pump Binary 0.12 0.29 0.17 0.28
Cattle Binary 0.54 ]0.29 0.21 |0.05
Breeding facilities Binary 043 |0.51 0.38 |0.18
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2. Method 1: Poverty probability method

This method uses a probit model to identify the probability dfauseholdbeing poor. Firsta
stepwise probit $ run to removesix variables out of the 48 candidate variablehat do not
predict povertywell. The remaining 2 variables are then ranked according to their accuracy in
identifyingthe poor alone using the araander Receiver Operating CharacteristfROCurve.
The greater the area under a ROC curve, the better ignttieatorin identifying poverty.

Using thislist of 42 variables ranked by ROC aree estimate two models:one is more
expansive and the ottt more parsimoniousSee Appendices A2 and A3 for the poverty proxy
checkilists that would be used to apply the two models.

Model 1

From the list of 42 variables,enseleced 34 variables based on bothur judgmenf and the
ROC arealNe then reran the probit model takng account of the clustering and stratificatiom
the VHLSSurvey designo calculae coefficient standard errors. This alled six variables that
have low coefficients in the probit model to be removédur final listincludes 25 indicaors
(excluding regional dummiesYhese include 1 indicators household (HH) characteristics 5
housingcharacteristicsndicators and Qypes ofasses.

Table2 presents the accuracy of these indicatorsidentifying the poor in rural Viethanm

terms of the area under the ROC curve for each varialiecall that the higher is the area
under an ROC curve, the better the variable underlying it is in distinguishing between the poor
and nonpoor.

® For practical purpose, we drop those indicators (suslr@gated land area and crop land area) that would be
difficult to collect information on in a short interview, or which are susceptible to measurement errors.
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Table2: Accuracy of different indicators irdentifying the poor in Vietham

Indicators Type Area under
ROCcurve
Household size HH characteristics 0.605
Share of children HH characteristics 0.642
Share of working HH characteristics 0.363
Share of female HH characteristics 0.536
Head finishingprimary school HH characteristics 0.499
Head finishing secondary school HH characteristics 0.457
Head finishing high school and above HH characteristics 0.459
Minority HH characteristics 0.635
Wage job HH characteristics 0.453
Nonfarm selfemployment HH characteristics 0.401
Semipermanent house Housing 0.496
House with private bathroom/kitchen Housing 0.480
Electricity Housing 0.463
Flush toilet Housing 0.391
Doublevault toilet Housing 0.461
House with shared bathroom or kitchen Housing 0.458
Radio Assets 0.484
Mobile telephone Assets 0.447
Refrigerator/freezer Assets 0.434
Pump Assets 0.416
Fixed telephone Assets 0.401
Electric fan Assets 0.398
Television Assets 0.380
Video cassette Assets 0.372
Motorbike Assets 0.366

Note on Indicators:

Shareof children:proportion of household members less than 15 years of age.

Minority: 0= all ethnic groupexcept Kinh and Hoa; 1= Kinh or Hoa

Housing indicatorsbinary variables indicating if the household has these durables/facilities

The results otthe probit model arepresented inTable 3. Larger household size,higher share

of womenor children,and a lower share of working members ar@l associated with higher
probability of poverty.In contrast households with noffiarm wages ornon-farm self
employment have a lower probability of being poorAs expected, duseholds whose heads
belong toone of theethnic minorities have higher probability of ing poor, while theK ST RQ &
education level hashe opposite effect Finally, better hose type, better toilet type and the
ownership ofconsumerdurables and fixed assets are associated with lower probesilaf
being poor.
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Table3: Probit model for the composite poverty indicatqmodel 1)

Variables

Coef. Std. Err. t-statistic

Household size

Share of children

Share of women

Share of working people
Nonfarm selfemployment

Wage jobs

Minority

Head finishingrimary school
Head finishing secondary school

Head finishing high school and above
House with private bathroom/kitchen
House with shared bathroom or kitchen

Semipermanent house
Electricity

Radio

Flush toilet
Doublevault toilet
Mobile telephone
Refrigerator/freezer
Pump

Fixed phone
Electric fan
Television

Video cassette
Motorbike

North East

Central Highlands
South East
MekongRiver Delta
Constant

Number of obs
F(29, 2201)

Prob > F

0.17 0.01 21.30
0.74 0.06 12.85
0.23 0.05 4.19
-0.24  0.05 -4.92
-0.25 0.02 -12.64
-0.18 0.01 -14.43
0.31 0.04 7.68
-0.18  0.083 -6.55
-0.27  0.03 -8.96
-0.43  0.05 -9.46
-0.57  0.05 -12.11
-0.68 0.11 -6.14
-0.33  0.083 -10.59
0.29 0.06 4.85
-0.14 0.04 -3.94
-0.26  0.04 -6.60
-0.10 0.08 -3.61
-0.56  0.08 -6.68
-0.37  0.06 -5.92
-0.15 0.03 -4.87
-0.35 0.05 -7.45
-0.20  0.083 -6.65
-0.35 0.03 -13.51
-0.23  0.083 -8.73
-0.40 0.08 -15.99
-0.24 0.04 -5.43
-0.32  0.07 -4.81
-0.58 0.06 -9.08
-0.75 0.04 -16.93
-0.27  0.08 -3.34
33745

121.74

0

Note: Some regions are removed from model because of the stepwadét process

Figure 1 shows the ROC curve for the composite povadigcator. The area under the ROC
curve is 0.803. This figure shows that there is a trad# between coverage of the poor and
exclusion of the nopoor in rural areas. In general, the more accurately a method is in
identifying the poor, the less accury it will be in identifying the nopoor (and vice versa).
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Figure 1: ROC curve for model 1.
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Model 2

In the model 2, we chosa more parsimonioudist of 11 householdevel indicatorsbased on
several criteria including their easiness to collect data, their ROC area and their coefficients and
statistical significance in explaining absolute income poverty. The finaldlstdes4 household
characteristics (share of children, minoritgpusehold size, head finishing high school), 3
accommodation characteristics (house with private bathroom/kitchen, house with shared
bathroom or kitchen, flush toilet) and 4 durable ownership variables (mobile phone, electric
fan, television and motorbike)
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Table 4: Probit model for the composite poverty indicator (model 2)

Variables Coef.  Std. Err. t-statistics
Share of children 1.05 0.05 21.30
Minority 0.44 0.04 11.06
Household size 0.10 0.01 14.77
Head finishing high school and above -0.32  0.04 -7.94
House with private bathroom/kitchen -0.49 0.10 -4.85
House with shared bathroom or kitchen -0.36 0.04 -9.82
Flush toilet -0.40 0.04 -11.19
Mobile phone -0.83 0.08 -10.32
Electric fan -0.25 0.03 -8.85
Television -0.50 0.03 -19.15
Motorbike -0.50 0.02 -20.54
North East -0.20 0.04 -4.48
Central Highlands -0.24  0.06 -3.74
South East -0.52 0.06 -8.83
Mekong River Delta -0.62 0.04 -16.35
Constant -0.51 0.04 -12.04
Number of obs 33745

F(15, 2215) 190.26

Prob > F 0

Figure 2showsthe ROC curve for model 2. The ROC area is 0.8116, less than the ROC area in
Model 1 (0.8403). Thus, Model 1 performs better than Model 1 in terms of ROC.

Figure 2: ROC ardar model 2
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Table5 showsthe tradeoff between correct coverage of the poand exclusion of the nen
poor in rural areast different cutoff points. The cutoff points are the predicted probability
scores from the probit modsiin Table 3 and Table #.a very low value for the cdff (such as
0.05 is chosen, nearly all the heeholds (9.3%) would be correctly identified as poormodel
1. However, athis cutoff, only 34.6% of the norpoor would be correctly identified as nen
poor inmode 1 In contrast, if a very high ke for the cutoff such as 08 is chosen, all nen
poor households would be correctly identified as Aooor but only 1.11 percent of the poor
households would be correctly identified. Thus, the ca@€ cutoff point would dependn the
relative importance that policynakers attaches to the two objectige(a) coverage of the poor
and (b) exclusion of the ngmoor.

In Table 5, the optimatut-off points based on total accuradyhat is the proportion of all
households who are correctly identify as poor or faoor) are 0.40 for model 1 and 0.45 for
model 2.At the cutoff point of 0.40, 52 percent of the poor and 90 percent of the 1paor are
correctly identified in Model land 45percent of the poor and 91 percent of the ngoor are
correctly identified in Model 2

On the other hand, the optimal cudff point based on BPAQvhich give more weight to
accurate identification of the poor¥ 0.35 for both modelsAt this cutoff point, which is shown
in bold in Table 5/9.2 percent and 77.7 percent of the people amgrectlyidentified in models

1 and 2, respectively. In addition, 59.2 percent of the poor and 86.8 percent of thpommare
correctly identified in Model 1For Model 253.1 percent of the poor and 87.1 percent of the
non-poor are correctly identifid.

Comparing the two models, is clear that Model 1 performs better than Model 2 in terms of
both poverty accuracy and total accuracy. Model 1 also performs better than Maatedlhost

all cutoff points in terms of BPAGIowever, Model 2 has higher BPAC than Model 1 at the
optimal cutoff point. Yet Model 2 is more susceptible to the choosing of-ofitpoint. For
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example, moving from the cwdff point of 0.4 to 045 reduces BPAC by 60.2 percent in Model 1
and by 77.7 pecent in Model 2.
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Table5: Accuracy of the Poverty Probability Method

--------------- Model 1--------—--m oo --Model 2---------------—-—-
Cut Poverty Non Total BPAC Poverty Non Total BPAC
off accuracy poverty accuracy accuracy poverty accuracy
point accuracy accuracy
0.05 97.32 34.63 48.20 -136.53 97.54 26.68 42.02 -165.31
0.10 92.88 49.72 59.06 -81.93 92.99 43.52 54.23 -104.35
0.15 87.56 61.07 66.80 -40.87 85.96 57.30 63.50 -54.51
0.20 81.30 70.12 72.54 -8.10 77.28 68.36 70.29 -14.47
0.25 73.90 77.07 76.38 17.02  69.29 76.62 75.04 15.41
0.30 66.75 82.46 79.06 36.55 59.75 83.20 78.12 39.21
0.35 59.15 86.81 80.82 52.29 53.11 87.07 79.71 53.02
0.40 52.01 90.28 81.99 39.21 4471 91.21 81.14 21.23
0.45 44.86 92.85 82.46 15.61 40.13 93.23 81.74 4.74
0.50 38.06 95.09 82.74 -6.09 32.13 95.70 81.93 -20.18
0.55 32.17 96.56 82.61 -23.20 27.55 96.73 81.75 -33.06
0.60 27.02 97.69 82.39 -37.61 21.59 97.98 81.44 -49.51
0.65 22.06 98.43 81.89 -50.19 16.69 98.60 80.87 -61.56
0.70 17.82 98.99 81.42 -60.71 13.43 99.16 80.60 -70.12
0.75 13.61 99.39 80.82 -70.58 8.57 99.57 79.87 -81.30
0.80 9.70 99.75 80.25 -79.69 6.49 99.76 79.57 -86.17
0.85 5.94 99.91 79.56 -87.78 3.23 99.90 78.97 -93.19
0.0 3.07 99.98 78.99 -93.80 1.15 99.96 78.56 -97.54
095 1.11 100.00 78.59 -97.78 0.25 100.00 78.40 -99.51

2. Method 2: OLS regression

In this method, a stepwis®LSegression is run based on the list of candidate variables in Table
1. The dependent variable is tlmaturallogarithm of per capita real household income in 2006
in rural Vietnam. After droppin@O variables(including living area, total land area, and source
of drinking water)that were not statistically different from zero at the 10% leveve
insignificantexplanatorypower, the results from OLS are presented in Table 6.
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Table 6: OLS regression of real per capita income 2006

Coef. Std. Err.  t-statistic

Household size -0.39 0.01 -29.03
Minority -0.09 0.02 -5.42
Share of working members 0.17 0.02 7.92
Share of children -0.20 0.03 -6.91
Share of women -0.12 0.02 -6.09
Nonfarm self employment 0.07 0.01 13.50
Wage job 0.04 0.00 9.80
Head finishing primary school 0.06 0.01 5.96
Head finishing secondary school 0.08 0.01 7.30
Head finishing higkchool and above 0.14 0.01 9.79

| SIFRQ&a 3S oft231006 002 3.46
House with private bathroom/kitchen 0.14 0.03 5.04
House with shared bathroom ¢ 0.07 0.01 6.52
kitchen

Flush toilet 0.10 0.01 7.56
Doublevault toilet 0.04 0.01 3.42
Gas cooker 0.16 0.01 13.46
Wardrobe 0.11 0.01 10.74
Fixed phone 0.11 0.01 8.51
Television 0.10 0.01 8.52
Motorbike 0.14 0.01 16.22
Video cassette 0.08 0.01 9.33
Rice cooker 0.07 0.01 8.15
Electric fan 0.04 0.01 3.68
Mobile phone 0.21 0.01 13.98
Laundry 0.17 0.03 4.83
Refrigerator/freezer 0.17 0.02 11.08
Pump 0.03 0.01 3.64
Cattle -0.05 0.01 -5.33
North East 0.11 0.02 6.64
Central Highlands 0.17 0.03 6.80
South East 0.13 0.02 6.55
Mekong River Delta 0.28 0.02 17.52
Constant 8.15 0.08 101.67
Number ofobs 24815

F( 32, 2186) 295.9

Prob > F 0

Rsquared 0.46

From the OLS regression, it is possible to predict household per capita indmea by
comparing predicted per capita income with the poverty line, each housé&hgplolvertystatus
can be predictedTable 7 shows the tabulation between predicted and actual povertyustat
using OLS regressi@md an absolute poverty line of $1.25/da36.8 percent of the por and
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95.7 percent of the norpoor are correctly identified using thebsolute poverty line of $1.25
per day.
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Table 7: Predicted and actual poverty using absolute poverty line (OLS regression)

Predicted nonpoor | Predicted poor
Actual nonpoor 95.71 4.29
Actual poor 63.32 36.68
Poverty accuracy 36.68
Total accuracy 83.49
BPAC 48.82

TheBPAGor Model 2is equal to 48.82, lower thatie corresponding figure fdviethod 1.

For further comparison between Method 1 and Method 2, we estimgite probability of
householdsbeing poor fromthe OLS regression. The probability of a household being poor is
given as

Inz- X b

P"=F{ ) where z is the poverty line ($1.25F, is the cumulative standard normal

distribution and s is the standard error of theesiduals (Hentschel et. ak000). Table 8
presents the accuracy in identifying poverty based on the poverty line of $1.25 and the
estimated poverty probability. BPAC is maximized at theofupoint of 0.35(again shown in
bold). At that point, 58 perent of the poor and 87.6 percent of the ngmoor are correctly
identified.

Generallythe OLS method is quite good in identifying poverty. Another advantage of the OLS
method over the probit models ihat it can predictthe incomes of particular householgd thus
enable calculate such incontmsed poverty statistics as poverty gap and poverty severity.
However, the standard errors associated with such poverty measures at the household level are
typically very large.
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Table 8: Povest identification accuracyOLS method

Cutoff Poverty Non- poverty Total BPAC
points accuracy accuracy accuracy

0.05 97.43 30.82 44.61 -165.07
0.10 93.83 47.07 56.75 -102.81
0.15 88.01 58.95 64.97 -57.28
0.20 81.04 69.41 71.82 -17.20
0.25 74.46 77.27 76.69 12.91
0.30 65.97 82.98 79.46 34.78
0.35 57.95 87.64 81.49 52.63
0.40 50.00 91.19 82.66 33.75
0.45 43.38 93.76 83.34 10.66
0.50 36.68 95.71 83.50 -10.21
0.55 30.16 97.28 83.39 -29.25
0.60 24.09 98.33 82.96 -45.42
0.65 18.11 99.02 82.28 -60.04
0.70 13.21 99.47 81.62 -71.54
0.75 8.52 99.82 80.92 -82.26
0.80 5.38 99.89 80.33 -88.83
0.85 2.64 99.99 79.84 -94.66
0.90 0.79 100.00 79.47 -98.41
0.95 0.10 100.00 79.32 -99.81

3. Method 3: Principal Component Analysis

The third nethod we useis principal component analysis (PCAjncipal component analysis is

a technique forreducingthe information contained in darge set of variables to a smaller
number. The first principal component is the linear index of the underlying variables that
ceptures the most variation among them (Filmer and Pritch2@01). The method has been
applied extensively in the education and health literature in other countries (Filmer and
Prichett, 2001; Sahn and Stiffel, 2003; Rutstein and Rubin, 2004haselerd unpublished
paperswhich estimatel y &l aa4SG AYRSE¢é ¥ 28 (Gwakih Stia)f R00B & S
Chowdhuri and Baulch, 2010

For the sake of simplicity, we use the same set of variables as in Modeburf®CATable 9
shows the factor scores assated with these variables. Generally, a variable with a positive
factor score is associated with higher seemnomic status, while a variable with a negative
factor score is associated with lower seeiconomic status. Using the factor scores from the
first principal components ahe weights, wethen construct an asset index for each household
which has a mean equal to zero and a standard deviation equal to one. Table 10 shows the
accuracy from this method, using percentiles of asset index asftpbints.
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Table 9: Factor scores in principal component analysis (component 1)

Variable Score
Minority -0.194
Household size 0.032
Share of women -0.054
Share of working members 0.155
Share of children -0.074
Head finishing primary school -0.052
Headfinishing secondary school 0.093
Head finishing high school 0.171
Wage job 0.019
Nonfarm selfemployment 0.188
Semipermanent houses -0.025
House with shared bathroom c
kitchen 0.126
House with private bathroom/kitchen 0.202
Doublevault toilet -0.070
Flush toilet 0.333
Radio 0.017
Hectricity 0.175
Mobile phone 0.267
Refrigerator/ freezer 0.317
Pump 0.230
Fixedphone 0.346
Electric fan 0.251
Television 0.283
Video cassette 0.290
Motorbike 0.272
Eigen value of the*icomponent 3.48
% of variation explained by the®'1
component 13.9

Table 10 shows that the PCA method performs less well than both the probit and the OLS
method. The optimal cubff point is 0.5, at which BPAC &8 and total accuracy i80 percent.
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Table 10:Accuracyof the PCA method

Cutoff Asset Poverty NonPoverty Total BPAC

points index  accuracy accuracy accuracy

0.05 -2.55  14.39 97.59 79.58 -62.52
0.10 -2.02  26.58 94.58 79.86 -27.23
0.15 -1.66 37.11 91.11 79.41 6.39
0.20 -1.36  46.28 87.26 78.39 38.65
0.25 -1.11  54.56 83.16 76.96 39.06
0.30 -0.89 61.89 78.81 75.15 23.34
0.35 -0.69 68.10 74.14 72.83 6.45
0.40 -0.49  73.89 69.36 70.34 -10.85
0.45 -0.29 78.51 64.26 67.34 -29.32
0.50 -0.10 82.63 59.02 64.13 -48.29
0.55 0.11 86.40 53.68 60.76 -67.61
0.60 0.33 89.36 48.11 57.04 -87.75
0.65 0.58 92.17 42.51 53.26 -108.03
0.70 0.84 94.63 36.81 49.33 -128.65
0.75 1.17 96.31 30.88 45.05 -150.08
0.80 1.59 97.70 24.89 40.66 -171.76
0.85 2.12 98.77 18.80 36.12 -193.79
0.90 2.83 99.42 12.60 31.40 -216.24
0.95 3.83 99.88 6.35 26.60 -238.87

4. Method 4: Quantile regression

The fourth methodwe consideris quantile regression. This method is recommended by IRIS
Center (208) as the most suitable method in Vietnaming a poverty cubff corresponding to

the 50 percentile of theexpendituredistribution. . Forcomparability we use the same set of
variablesin the quantile regressionas in Model 1of the poverty probability model and the
PCA. Table 11 reports results from tipgantile regressionat the 50 percentilewhile Table 12
presents accuracy of the method.
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Table 11: Quantile regression

Coef. Std. Err. t-statistic

Household size -0.08 0.00 -32.70
Share of children 0.09 0.02 5.97
Share of women -0.38  0.02 -20.20
Share of working people -0.10  0.02 -5.71
Nonfarm seltemployment 0.08 0.00 19.73
Wage jobs 0.05 0.00 15.75
Minority -0.13 0.01 -12.07
Head finishing primary school 0.06 0.01 7.09
Head finishing secondary school 0.09 0.01 10.10
Head finishing high school and above 0.17 0.01 14.30
House with private bathroom/kitchen 0.30 0.02 14.65
House with shared bathroom or kitchen  0.23 0.01 17.90
Semipermanent house 0.15 0.01 15.98
Electricity 0.06 0.01 6.16
Radio -0.09 0.02 -5.59
Flush toilet 0.13 0.01 12.52
Doublevault toilet 0.03 0.01 4.35
Mobile telephone 0.22 0.01 17.38
Refrigerator/freezer 0.19 0.01 15.87
Pump 0.04 0.01 5.60
Fixed phone 0.16 0.01 15.56
Electric fan 0.08 0.01 8.37
Television 0.13 0.01 13.95
Video cassette 0.09 0.01 12.00
Motorbike 0.15 0.01 21.39
North East 0.11 0.01 10.97
Central Highlands 0.25 0.01 17.13
South East 0.21 0.01 17.09
Mekong River Delta 0.34 0.01 35.01
Constant 8.19 0.02 345.61

Table 12 evaluates the accuracytlod quantile regression method. With a eoiff point of 0.25.
guantile regression identifies 61 percent of the poor and 85 percent of thepoam correctly,
resulting in a total accuracy of 79.percent. The BPAC for thetitpiaegression method is 45.8
which is substantially lower than those for the poverty probability and OLS models.
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Table 12: Accuracy of the quantile regression method

Cutoff Poverty Non- Total BPAC
points accuracy Poverty accuracy
accuracy
0.05 18.94 98.85 81.55 -57.95
0.10 32.99 96.35 82.63 -20.80
0.15 43.78 92.95 82.31 13.06
0.20 53.17 89.16 81.37 45.54
0.25 61.24 85.01 79.87 45.78
0.30 68.76 80.71 78.12 30.19
0.35 74.85 76.01 75.76 13.19
0.40 79.74 70.98 72.88 -5.00
0.45 84.00 65.78 69.72 -23.83
0.50 87.77 60.44 66.36 -43.15
0.55 90.74 54.87 62.64 -63.28
0.60 93.16 49.16 58.69 -83.94
0.65 94.92 43.27 54.45 -105.27
0.70 96.45 37.31 50.11 -126.84
0.75 97.76 31.29 45.68 -148.62
0.80 98.73 25.18 41.10 -170.74
0.85 99.43 18.99 36.41 -193.13
0.90 99.76 12.70 31.55 -215.89
0.95 99.93 6.36 26.62 -238.81

To conclude this sectignve present a tabular and graphical comparison of the four poverty
proxy approaches.Table 13 compares thesdour approaches at their optimal cygoints. The
quantile regression approach has the highest poverty accuracy, while OLS has the highest non
poverty accuracy. However, judged in terms of total accuracy Gh&pproach has the best
result, followed by the probit model 1. If BPAC, which is our prefemeasure is used, the
Probit Model 1, Probit Model 2 and OLSproduce similar results, while those for PCA and
guantile regression approaches are substantially lowée PCAapproachhasboth the lowest

total accuracy and BPAC.

Table B: Comparinghe accuracy of théhree approaches

Cutoff Poverty | Non-Poverty | Total BPAC
points accuracy | accuracy accuracy
Probit: Model 1 (enlarge] 0.35 59.15 86.81 80.82 52.29
Probit: Model 2/ 0.35 53.11 87.07 79.71 53.02
(parsimonious)
oLS 0.35 57.95 87.64 81.49 52.63
PCA 0.25 54.56 83.16 76.96 39.06
Quantile regression 0.25 61.24 85.01 79.87 45.78
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Figure 3 summarizes the ROC aremderfour approaches using the optimakut-points for
each model described abovE&he poverty probability or probi¥lodel 1and quantile regression
have the largest ROC arsafollowed by OLS and Model 2. In contrase PCA method has the
lowestarea under theROCThis figure shows thahe probit Model 1and quantile Regression
seems the best method in correctly identifying theor and norpoor.

From this analysis, we select the probit method with Model 1 as our preferred model, as it
perform better than other models in most cases and is also less susceptible to the choice of cut
off points. In the next section, we will valigathe model by testing its robustness to different
poverty lines and different datasets.

Figure 3:Areas under theROCcurvefor the four approaches
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Finally, we report the poverty rates, as calculated’dyyr modelsat the optimal pointsPoverty

rates are defined as the percentage of households who are considered poor at the optimal cut
off points to the total populationThe standard errors of the poverty rates are calculdteded

on bootstrapping with 200 replication3he results are qr@sented in Table4 Table # shows

that Model 1 overestimatethe true poverty rate whilghe other modelsunderestimate it.

Table #: Poverty headcount ratiognd standard errorghe four approaches

Poverty Bootstrapped 95% onfidence

headcount| standard errors | interval

Ratio
Probit: Model 1 23.14 0.50 22.28 |24.00
Probit: Model 2 21.63 041 20.85 |[22.31
OoLS 21.80 0.50 20.88 |22.72
PCA 20.00 0.27 22.14 |23.10
Quantile regression 20.00 0.28 19.45 20.55
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"True" poverty rate

22.36
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V. VALIDATING THE POVERTY PROBABILITY
METHOD

To validate the use of the poverty probability method, we conduct three exercises: using of
different poverty lines with the same dataset (VHLSSO06), and using two alternative household
datasets6t L Qa ¢ KIFyK | 2 LE$E) deNdsStBe rdbystRessliskChen and
Schreiner (2009) and others have pointegt, it is important to know about the oubf-sample
predictive power of an approach since an approach which identifies the poor very accurately
with one dataset may perfon poorly when applied to different data.

1. Testing with different poverty lines
1.1. Moderate poverty ($2 per capita)

We test our chosen method (Model 1, probit) witte higher internationalncome povertyline

of $2 per capitawhich is used to identify the moderately poor (Chen and Ravallion, 2008¢.
results in Table 3show that the model is rather goaat predictingboth extreme and moderate
poverty. At the cuoff point of 0.50, the model correctly identifies 756rcent of the poor and
73.2 percent of the noipoor. Overall, the poverty status of 74.4 percent of all households is
correctly identified while theBPAC is relatively high at 72.4.

Table B: Accuracyof Poverty Proballity Method with $2/day Poverty Line

Cutoff Poverty Non-poverty Total BPAC
points accuracy accuracy accuracy

0.05 99.56 12.31 55.36 9.95
0.10 98.66 20.38 59.00 18.25
0.15 97.54 27.58 62.10 25.63
0.20 95.98 34.41 64.78 32.65
0.25 94.04 41.65 67.50 40.08
0.3 91.68 48.15 69.62 46.75
0.35 88.69 54.97 71.61 53.76
0.40 85.17 61.07 72.96 60.02
0.45 80.93 67.35 74.05 66.47
0.50 75.60 73.14 74.35 72.42
0.55 69.58 78.48 74.09 61.26
0.60 62.91 83.38 73.28 42.89
0.65 55.51 87.88 71.91 23.46
0.70 47.58 91.53 69.85 3.85
0.75 39.24 94.64 67.30 -16.01
0.80 31.26 96.79 64.46 -34.18
0.85 22.57 98.39 60.98 -53.20
0.9 14.81 99.28 57.61 -69.64
0.95 7.24 99.86 54.17 -85.38
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1.2. Consumption expenditures

The next step is using a different definition of poverty based on consumptipenditure. In
this paper, we @ S (i K S pova@ty¥ ihdofte Gen@ral Statistics Offic&ablel6 shows the
result. At the cutoff point of 0.40, the model can correctly specify the expendibased
poverty status of 86.5 percent of all househqldscluding 65.2 percent of the poor and 91.7
percent of the nompoor. Comparing Table6l(poverty based on consumption) with Table 5
(poverty based on income), it appears that household asset and-scolmomic status are
more related to consumption thato income.

Table B: Accuracyof Poverty Probability Method usingxpenditure-based poverty line

Cutoff Poverty Non-poverty Total BPAC

points  accuracy accuracy accuracy

0.05 97.60 55.71 63.96 -80.74
0.10 94.55 66.39 71.93 -37.16
0.15 89.88 73.93 77.07 -6.40

0.20 84.78 79.51 80.54 16.38
0.25 79.92 83.65 82.92 33.28
0.30 74.05 86.49 84.04 44.86
0.35 69.39 89.31 85.39 56.36
0.40 65.19 91.72 86.50 64.17
0.45 59.48 93.53 86.82 45.38
0.50 54.46 95.31 87.27 28.06
0.55 49.50 96.49 87.24 13.30
0.60 43.90 97.46 86.92 -1.83

0.65 38.69 98.26 86.53 -15.51
0.70 32.77 98.75 85.76 -29.35
0.75 28.13 99.33 85.32 -41.02
0.80 24.18 99.59 84.75 -49.97
0.85 18.55 99.74 83.76 -61.83
0.90 12.73 99.83 82.69 -73.83
0.95 7.92 99.92 81.81 -83.85

2. Testing with Thanh Hoa Resurvey

In this section, we validatihe poverty probabilitynodel with data from a separate survehe
Thanh Hoa&Resirveyof 2009. This survey was conducted by Prosperity Initiative in March 2009
in three uplanddistrictsof Thanh Hoa provinceQuan Hoa, Ba Thuoc and Lang Chafiatham
(Baulch et. al. 2009)The suvey aimed to assess the impact of the development of the bamboo
value chain project on bambelated farmers and traders in the regioand collected detailed
information on household incomesn total, 214 farming households were interviewed. Most of
these households grow and sell bamboo to the market.

Model 1 must be modified a little bit to suit this datasét. particular we need todrop the
Bl NAI 0f SK YVARIDABR gaI0GKNR2Y 2NJ (AG0OKSyYy¢ 06SOl dza
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addition, variables indicating toilet types are combined into one variable indicating whether the
K2dzaSK2f R KIF & I (2Af S (fardd BEIES 2Lt 8CARYEI T & V2 o8 €NJ
binary variables in the modified Model 1, instead of being continuous variables as in the original
Model 1. All the other variables are similar to those in Model 1.

The results are shown in Tabl&, which show that the poverty probability model performs
even better than in the original dataset. At the eff point of 0.45, 78 percent of all
households are correctly identified in terms of income poverty (at $1.25 per capita). At this
point, BPAC is calcuit at 69.5, much higher than in VHLSS 2006 datasepossible
explanationfor this improved performancés that greater homogeneitgpf householdsn the
Thanh Hoa Survey halfo increasell K S Y Spielligive @cturacy.

Table I7: Accuracyof Poverty Prdability Method usingthe Thanh Hoa Resurvey

Cutoff Poverty  Non-poverty Total BPAC
points accuracy accuracy accuracy

0.05 99.18 18.69 52.56 -11.92
0.10 98.17 29.86 58.60 3.46
0.15 98.17 39.71 64.31 17.02
0.20 97.47 49.21 69.52 30.1
0.25 96.3 54.06 71.83 36.76
0.30 92.57 66.82 77.65 54.33
0.35 85.17 70.06 76.42 58.8
0.40 79.28 74.0 76.39 64.62
0.45 78.35 77.85 78.06 69.51
0.50 71.37 81.68 77.34 67.95
0.55 67.45 84.22 77.16 56.63
0.60 55.65 90.02 75.56 25.05
0.65 50.06 91.6 74.12 11.68
0.70 38.82 92.96 70.18 -12.66
0.75 28.41 93.85 66.31 -34.71
0.80 21.72 96.68 65.13 -52
0.85 15.34 97.36 62.84 -65.68
0.9 12.4 97.36 61.60 -71.57
0.95 5.94 100 60.42 -88.12

3. Testing with the VHLSS 2004

In the final step of validation, we tesihe poverty probabilitymodel using datdor rural areas

from the VHLSS 2004he previous national survey conducted in 2004. Bhé [ { { HANnN
sample size include46,000 households (of which expenditure data were collected for 9,300
households).

The reslts from our validationexerciseare presentedn Table 8. At the cutoff point of 0.35,

80.7 percent of all households are correctly specified according to their income poverty status
(at $1.25 per head), including 62.3 percent of the poor and 86.3 pe@iethe nonpoor. The
BPAC is 54.3Ve also test the model with the moderaiaternational poverty line of $2 per
capitain Table B. The results preseatl showthat the model performs wellAt the cutoff
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point of 0.5, 74 percent of all households a@rectly classified including 78.4 percent of the
poor and 69.4 percent of the ngooor. The BPAC is high at 72.5.

Table B: Accuracyof Poverty Probability Method usiny HLSS 2004 and $1.25/dbye

Cutoff  Poverty Nonpoor Total BPAC
points accuracy accuracy accuracy

0.05 97.12 33.54 48.25 -120.93
0.10 93.3 49.04 59.27 -69.43
0.15 88.46 60.3 66.81 -32
0.20 82.2 68.29 71.51 -5.42
0.25 75.12 75.71 75.57 19.25
0.30 69.3 81.13 78.40 37.27
0.35 62.3 86.25 80.71 54.29
0.40 56.45 89.69 82.00 47.18
0.45 50.05 92.41 82.61 25.35
0.90 43.29 94.4 82.58 5.19
0.55 37.44 96.09 82.53 -12.12
0.60 31.42 97.22 82.00 -27.92
0.65 26.53 98.18 81.61 -40.89
0.70 22.45 98.83 81.17 -51.19
0.75 17.41 99.49 80.51 -63.47
0.80 14.04 99.71 79.90 -70.96
0.85 9.65 99.82 78.97 -80.11
0.9 5.28 99.96 78.07 -89.31
0.95 1.53 100 77.23 -96.94

Table B: Accuracy of Poverty Probability Method UsingHLSS 200dnd $2/day line

Cutoff  Poverty Nonpoor Total BPAC
points accuracy accuracy accuracy

0.05 99.64 10.39 57.43 19.6

0.10 98.98 17.78 60.58 26.23
0.15 97.89 24.29 63.08 32.07
0.20 96.72 31.13 65.70 38.21

0.25 95 38.06 68.07 44.42
0.30 92.91 44.42 69.98 50.13
0.35 90.8 51.6 72.26 56.58

0.40 87.07 57.23 72.96 61.63
0.45 83.21 63.52 73.90 67.27
0.50 78.39 69.37 74.12 72.52
0.55 73.52 75.53 74.47 69
0.60 67.68 80.48 73.73 52.87
0.65 59.61 85.03 71.63 32.65
0.70 51.74 89.53 69.61 12.88
0.75 43.64 92.89 66.93 -6.33
0.80 34.66 95.58 63.47 -26.72
0.85 26.03 97.92 60.03 -46.07
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0.9 17.17 99.22 55.97 -64.97
0.95 8.5 99.91 51.73 -82.91

VI. CONCLUSIONS

Recognisingthe difficulties irvolved collecting comprehensiveousehold expenditure and
income datafor subpopulations of interestthis paperhasexplored threeW a K@ dyiiethods

for predictinga household2 poverty status Theseare the poverty probabilitymethod (probit
model), OLS regression and assetiaged constructed usingrincipal components analysiés
shown in Table 11 and Figure 3 aboves poverty probability methods found to bethe best
method for predicting povertyusing a nationally representative survey for 200@&pending on

the number of indicators selected, the poverty probability method allows 79% to 81% of the
poor and norpoor to be accurately identified using this data.

We then verified oupreferredmethodusing data from a previous national survey (in 2004) and
a panel survey in a relatively small area in Northern Vietna@he poverty probabilitynodel
performs robusty across alternative data sets, accurately idigiig between 74% and 87% of
the poor and norpoor.

Furthermore,our empirical results show that variables with the strongest correlation to poverty

are household size and household compositimmority variable head education, housing type

and ownershp of radio, mobile telephonerefrigerator, television and motorbikeA checklist

for collecting thee variables from households in provided #ppendix A2while a set of Excel
ALINBFRaAKSSGa FT2N AYLIX SYSyGAy3a (K Gre availgbfyli @ LI
writing to the corresponding author While further testing of this method is definitely required,

initial field testingin Hoa Binh and Ha Giang provinaedicates that it igpossible tocollect the

checklist informatiorin a 10 to 15 rimute interview with each household.

Finally, several caveats regarding the use of the poverty probability method should be noted.
First, while the method has high total accuracy, it is only able to correctly identify 78 to 81
percent of the poor and nopoor. If it used as to identify whether individual households are
poor or nonpoor, errors of targeting (botlundercoverageof the poor and inclusion of the
non-poor) are bound to occur. When used on larger samples, the full model tends to slightly
overestimate the true poverty rate, while the morgarsimonious models tend to
underestimate it. However, further research is needed to establish the recommended minimum
sample size and sampling protocols to use when applying the metHadial simulations
produced by bootstrapping the VHLSSO06 indicaat sample sizes of arourZDO households

are needed to measure the poverty headcount with a 10 percent margin of error (see Appendix
A.4).Second, the poverty probability method is unlikely to be a good wajetecting changes

in poverty over periods of a few years. Careful attention should to be given to the standard
errors of the poverty rateproduced which are usually quite wide. Finaliyrther field testing

of the poverty proxy checkligtnd the Exel worksheets which accompany it are needed before
the method can béirmlyNE O2 YYSYRSR F2NJ 0 KS t NP AaALISNRexe Ly
ante andex postpoverty impact work.
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