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The issue of measuring poverty using the headcount ratio,
in the context of the Indian economy, is widely discussed
and disputed among various economists in the government

of India, World Bank, and academicians both within and outside
India. The discussion has been mainly over the apparent reduction
in poverty in the 1990s, as officially noted by the government
of India (GoI) using the National Sample Survey (NSS),1  from
1993-94 (50th round of NSS) to 1999-2000 (55th round of NSS).
The estimates of poverty produced on the basis of the 55th round
published in February 2001, showed a marked reduction in the
headcount poverty measure, which fell from 37.1 (percentage
of poor below the poverty line2 ) in 1993-94 to 26.8 per cent
in 1999-2000 for rural households, while among the urban
households the index fell from 32.9 per cent in 1993-94 to 24.1
per cent in 1999-2000 [Deaton and Dreze 2002].

Debate has emerged between two opposing forces [Deaton and
Kozell 2004], one, being the pro-liberalisation3 group, according
to whom liberalisation has reduced poverty as revealed in
the official estimates based on the “thick” NSS rounds. Their
argument rests largely on the divergence between two sources
of information, namely, the national accounts statistics (NAS)
that shows increasing economic growth from 1990s, and the NSS,
which indicates very stagnant levels of per capita expenditure
and poverty up to the 54th round (1993-94). The other view
(not in favour of liberalisation) is that the economic growth
as promised by the liberalisation process has not trickled
down.4 This lobby, in turn attributes the fall in poverty in
the 55th round to the change in survey methodology which
took place in that round and incorrectly recorded monthly
consumption expenditure.

NSS consumption surveys have used a 30-day recall period
for all goods from the 38th round (1983) to the 50th round. Most
statistical offices around the world use a shorter recall period
for high frequency items, such as food and longer recall period
for low frequency goods, such as durables. The NSS experi-
mented in the 51st to 54th rounds with the different recall
periods. They compared the traditional 30-day recall question-
naire (Schedule 1) with three reporting periods 7, 30 and 365
days (Schedule 2), applied to different classes of goods.
Households were assigned to one or other schedule at random
using the same sample design, and it was found that, on
average, the experimental 7/30/365 schedule reported higher

total expenditures. Shorter reporting periods generated higher
rates of consumption so that the 7-day recall period had higher
average consumption than the 30-day recall in schedule 1, while
365-day schedule showed lower average consumption.

The schedule used in the 55th round was different from pre-
vious quinquennial (so-called thick) rounds and also from both
the schedules of the experimental rounds. For the high frequency
items, households were asked to report their expenditures for both
recall periods (7-day and 30-day). Multiple reporting periods are
often used in household surveys, but results cannot be compared
with surveys when only the 30-day questions are asked.5 When
the households are asked to report consumption over two periods
in the same schedule they are likely to reconcile the reported
consumption across two periods. One plausible hypothesis is that
reconciliation will probably pull up the rate of consumption at
30-day recall above what it would have been if asked in isolation.
If that is the case, 30-day consumption in 55th round is too high
compared to the 30-day estimates of consumption from previous
rounds. This will overstate the reduction in poverty in the 55th
round.

Sundram and Tendulkar (2003a, b), Deaton (2003), Sen (2000)
and Sen and Himanshu (2004) are only a few of the studies which
analyse in detail how the differences between two schedules
affect the measurement of consumption, poverty and inequality.
Visaria (2000) pointed out that the estimated poverty was cut
by half when the experimental multiple record period (7/30/365
days) schedule was used instead of traditional (30-day) schedule
for all items. But such a comparison does not show how trends
in poverty have been affected by the change in schedule designs
since earlier calculations of poverty were based on the uniform
30-day recall period.

It is important to note that the 30-day recall period was kept
in both schedules for some items, namely, fuel and light, mis-
cellaneous goods and services, rents and consumer taxes, and
non-institutional medical expenses, which account for a substan-
tial share of the budget.6 Tarozzi (2004) shows that the distri-
butions of estimated average real per capita total monthly ex-
penditure on 30-day items in the two different schedules used
from the 51st to the 53rd rounds of NSS are similar, even though
the real per capita total consumption expenditure in Schedule
2 is systematically 15-20 per cent higher than that of the cor-
responding figures for Schedule 1.
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The main objective of this paper is to propose a procedure to
estimate per capita expenditure based poverty counts from the
55th NSS round without using data on per capita expenditure
from this survey.7  In Section I of the paper we discuss the data,
choice of explanatory variables and summary statistics for two
periods 1993-94 and 1999-2000, both being the years of thick
rounds of the NSS. Given the belief that the poverty is under
recorded in the official counts of GoI in the 55th round, in Section
II we provide three different methodologies (parametric, non-
parametric and semi-parametric) to obtain “corrected” poverty
estimates, taking into account the change in the survey design.
In each of these, the dependent variable is a dichotomous poverty
dummy where the person in a household below the official
poverty line is regarded to be poor. In Section III we present
the results and estimation at work. Section IV focuses on com-
parative advantages of various procedures and summarises the
conclusions of the study both for measuring poverty in India and
for estimating poverty in the presence of changes in survey
schedules.

IIIII
Data and Choice of Explanatory VariablesData and Choice of Explanatory VariablesData and Choice of Explanatory VariablesData and Choice of Explanatory VariablesData and Choice of Explanatory Variables

For our analysis, we use the 50th and 55th rounds of the NSS
on consumer expenditure in both rural and urban areas collected
in 25 states and seven union territories.8 The survey periods were
from July 1993 to June 1994, for the 50th round and July 1999
to June 2000 for the 55th round. The NSS data are a cross-section
of a geographically stratified, clustered random sample of house-
holds across India. In addition to information on household
consumer expenditure and demographic characteristics, the NSS
contains detailed questions on other household characteristics
such as the social group, religious affiliation, occupation and
educational level of the head of the household. The data on
monthly per capita consumption of household is used in con-
junction with the official poverty line by the GoI, to classify
household in terms of their poverty status. The poverty line is
defined for each Indian state and for rural and urban sectors
separately. We use the official state and sector poverty lines for
the years of the survey, 1993-94 and 1999-2000, to adjust for
the inflation from 1993-94 to 1999-2000 for each state and all-
India.9

The choice of explanatory variables is guided both by economic
theory and by the empirical context.10 The household charac-
teristics play an important role in determining poverty and these
are used in one of the approaches to obtain estimates of poverty
for 55th round. The standard variables taken to determine poverty
both in India and other countries at the household level are
educational level and occupational type of the household [Dreze
and Srinivasan 1997; Van de Walle and Gunawardena 2001].
To capture the effect of education on the probability of a house-
hold being in poverty, we use dummy variables corresponding
to the highest educational level completed by the head of the
household. Thus, we include dummy variables corresponding to
literate, below primary level, literate, at primary level, literate,
secondary level and below, literate, at higher secondary level,
and literate, graduate level and above (the reference group in our
case is households where the head of the household is not literate).

With respect to occupation, we include dummy variables
corresponding to four occupational groups in the rural sector –
self-employed in agriculture, self-employed in non-agriculture,
agricultural labour, and non-agricultural labour; and three occu-
pational groups in the urban sector – self-employed, wage/salary

earner, and casual labourer. The reference group is the occupa-
tional category termed “others” by the NSS for both rural and
urban sectors – these are households which have not been clas-
sified as “self-employed in non-agriculture” and earn less than
50 per cent of their total income in any of the categories men-
tioned. We also use dummy variables for religion11 and social
group affiliations,12  as there is some evidence that households
of certain religious denominations and/or belonging to marginal
social groups – the scheduled tribes, the scheduled castes, and
other backward castes – may be disadvantaged [Deshpande 2000;
Borooah and Iyer 2004; Sundram and Tendulkar 2003c].

In addition to the above explanatory variables, we include in
our analysis a number of background and demographic variables.
First, we include the generational impact reflected by the age
of the household head. We use two variables: age (number of
years), and age-squared to reflect the non-linear effects of age
on poverty. Second, we incorporate the effect of household size
on the probability of the household being in poverty, as previous
studies have noted a negative relationship between per capita
expenditures and the size of the household [Krishnaji 1984].
Given the possible presence of economies of scale in household
consumption, we include household size squared as an additional
control variable. Third, we add a dummy for female-headed
households because these households are more likely to be in
poverty [Dreze and Srinivasan 1997]. Finally, we capture the
effect of the demographic composition of the household by
adding a set of variables that take into account the proportion
of males and females in different age groups [Meenakshi and
Ray 2002].

IIIIIIIIII
Models and Estimation MethodsModels and Estimation MethodsModels and Estimation MethodsModels and Estimation MethodsModels and Estimation Methods

In this section we present the model we estimate and the
methods of estimation used. We start by explaining the notation
and defining the problem at hand.

Let xi be the log of the ith household’s monthly per capita
consumption expenditure (PCE henceforth) reported when the
respondent is given the traditional (30-day recall period for all
items) schedule, and zjs be the log of the official poverty line
for the jth sector (rural or urban) and the sth state of India,
to which the ith household belongs. The headcount ratio (HCR)
Htjs for any given year t, in the jth sector and sth state is defined
as:

)z(Fdx)x(fH jst

z

0
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=∫= ...(1),

where ft(x) is the density function of xi in year t, and Ft(zjs) is
its cumulative density function (cdf). In subsequent analysis to
keep the notation simple we will suppress the subscripts j and
s. HCR gives us the proportion of population which lives in
households with monthly PCE less than the official poverty line.
The empirical counterpart for (1) is,
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where ωi’s are the individual inflation factors normalised so that
they sum to one, and I(.) is the indicator function taking value
one whenever the condition in the brackets is satisfied and zero
otherwise.

If the survey design had remained the same over time then
computation of the HCR for each period is straightforward and
can be done using the expression given in (2). However as the

,

,
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recall period was changed in the 55th round, xi for the 55th round
is unobserved and hence HCR for the 55th round cannot be
evaluated using (2). Instead what we observe for the 55th round
is ix~ , log of the ith household’s monthly PCE reported when the
respondent is given the questionnaire with multiple recall periods.

Deaton (2001, 2003) and Deaton and Dreze (2002) propose
a method to estimate the HCR for the 55th round, which will
be comparable to the poverty estimates from the earlier period.
Their approach relies on finding an auxiliary variable using which
one can retrieve the distribution of unobserved xi for the 55th
round. One such auxiliary variable is, mi, which is the log of
ith household’s reported monthly PCE on selected “30-day items”.
The specific assumptions they make are: (1) the distribution of
the variable mi is unaffected by the change in the survey design;
and (2) the relationship between xi and mi is constant over time.
The second assumption requires that the probability of being poor
remain same over time, once we have the information on mi.
Validity of these assumptions has been tested by both Deaton
(2001, 2003) and Tarozzi (2002, 2004).13

To use mi to retrieve information on xi for the 55th round rewrite
(1) as:

∫=∫ ∫=
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where )mz(Ft is the conditional distribution of xi, conditioned

on mi, and gt(m) is the density function of mi in year t. The
empirical equivalent of (3) will be given by,
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Given the two assumptions made in Deaton’s work the
“corrected” HCR for the 55th round, c

55H can be calculated as:
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The expression in (5) can now be estimated for the 55th round,
given the data available. g55(mi) is the distribution of mi, the
variable which we have assumed is not impacted by the change
in the survey design. This can be estimated using the non-
parametric kernel density estimation techniques.

The conditional distribution function )mz(F
it  is simply the

probability of being poor at time t, conditional on mi, and can
be written as, )mzx(Pr)mz(F iitit <= . This probability can be
represented as a regression model. The dependent variable of
this regression is the poverty dummy, defined as,
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Deaton in his analysis uses the non-parametric regression
model. The model he estimates is: iitiit u)m(r)m1y(Pr +== ,
where rt(mi) is a non-parametric function. A non-parametric re-
gression differs from an ordinary least square regression, in the
fact that it does not force any specific functional form (liner or
quadratic for example) on the data. However there is a drawback
in his choice of estimation method. In practice the method is
equivalent to fitting a linear model in the interval hmi ±  around
every data point, where h is a small window width.14 As such
it carries with it some of the problems associated with estimating
a linear regression model for a discrete dependent variable, also
called the linear probability model (LPM).

In particular there are two problems associated with LPM –
the predicted probabilities from these models do not necessarily

lie between 0-1, and the errors are heteroskedastic. While non-
parametric estimation takes care of the first problem (the esti-
mated probabilities lie between 0-1), the error terms are still
heteroskedastic. This can make the estimators from these regres-
sions inconsistent. Further most of the asymptotic properties for
the nonparametric regressions are established for a continuous
dependent variable, not for a discrete dependent variable, as is
the case here. Keeping in mind that we have a binary dependent
variable we propose an alternative estimation method.

The general form of the regression to be estimated is given
by,

iiiit u)],m([G)m1y(Pr +βν== , ...(7)

where the parameter β reflects the impact of change in mi on
the probability of being poor, and ui is the random error. The
index function ν(.,.), and the link function G[.] may or may not
be known. Model as expressed in (7) is a single index model
(SIM), which can be estimated using semi-parametric estimation
techniques. We assume the index function ν(.,.) to have a linear
form, ii10i m),m( ν=β+β=βν . However no assumption is made
on the distribution of the link function G[νi], which is estimated
non-parametrically.15

There are number of different semi-parametric methods pro-
posed in the literature to estimate the SIM given in (7).16 The
goal is to find efficient estimators for both β and G[.]. The
different methods proposed can be classified under two broad
headings: (1) weighted average derivative estimation methods
(WADE); and (2) pseudo maximum likelihood estimation methods
(PMLE). In our analysis we use the first method, particularly
we use the density weighted average derivative estimation
(DWADE) method.17

Once we have estimated the model in (7), we have )mz(F̂ it ,
now we can estimate the “corrected” HCR for the 55th round
using (5).

Demographic and Socio-EconomicDemographic and Socio-EconomicDemographic and Socio-EconomicDemographic and Socio-EconomicDemographic and Socio-Economic
Characteristics of HouseholdsCharacteristics of HouseholdsCharacteristics of HouseholdsCharacteristics of HouseholdsCharacteristics of Households

The probability that a household will be poor depends on a
number of demographic and socio-economic characteristics of
the household. Some of these variables have been identified in
Section I above. Deaton’s approach does not allow for the use

Table 1: Poverty EstimatesTable 1: Poverty EstimatesTable 1: Poverty EstimatesTable 1: Poverty EstimatesTable 1: Poverty Estimates
(in Per cent)

Rural Households Urban Households
1993-94 1999-2000 1993-94 1999-2000

50th Round 55th Round 50th Round 55th Round

Andhra Pradesh 15.8 10.9 38.6 27.3
Assam 45.2 40.4 8.0 7.6
Bihar 57.9 44.1 34.6 33.7
Gujarat 21.6 12.5 28.2 14.8
Haryana 28.3 7.4 16.5 10.2
Himachal Pradesh 30.4 7.6 9.3 4.6
Karnataka 30.1 16.9 39.8 24.7
Kerala 25.3 9.6 24.2 20.0
Madhya Pradesh 40.7 37.5 48.1 38.6
Maharashtra 37.7 23.6 34.9 26.9
Orissa 49.9 48.3 40.7 43.8
Punjab 11.7 6.2 10.9 5.5
Rajasthan 26.3 13.4 31.1 19.5
Tamil Nadu 32.8 20.6 39.9 22.7
Uttar Pradesh 42.2 31.4 35.0 30.6
West Bengal 41.2 31.8 23.0 15.0
All-India 37.6 27.7 33.6 24.7

Notes: Poverty is estimated using the headcount ratio, calculated from the
sample of NSS data used in this study.

,
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of more than one auxiliary variable in his analysis. Tarozzi (2004)
proposed an alternative method to obtain the corrected estimates
for the 55th round. The advantage of his approach over Deaton’s
is that it allows the use of household characteristics as auxiliary
variables in the estimation of the conditional distribution

)m,z(F iit ϕ , where ϕi is a vector of variables describing the
household characteristics, and mi is as defined above. Using the
same assumptions as in Deaton’s approach he proposes the
use of a re-weighting function to obtain the corrected poverty
estimates for the 55th round.18 However there is a caveat in his
analysis, as his own findings suggests. The original purpose of
estimating the conditional distribution function )m,z(F iit ϕ , was
to recover information about the unobservable xi for the 55th
round. However this is possible only under the two specific
assumptions made. Tarozzi’s own analysis suggests that while
mi satisfies these two assumptions, the vector ϕi does not, hence
limiting the use of his suggested extension of Deaton’s approach.

This however does not mean we cannot use the information
on household characteristics. For now we take the assumptions
underlying the work of Deaton and Tarozzi as given (we will
comment on them later), and propose an alternative way to obtain
the corrected poverty estimates for the 55th round, taking into
account the heteroskedaticity problem. We estimate a probit (one
can estimate a logit model as well) model with the poverty dummy
as the dependent variable and the vector (ϕi, mi) as the explanatory
variables, for the 50th round. Using the estimated coefficients
from the 50th round with the 55th round data we predict the
probability of the household being poor. Estimate for poverty,
HCR, is then the weighted average of these probabilities, the
weights being the household inflation factors ωi.

19

In Section IV of the paper we compare results from each of
the models and estimation method stated above. We’ll also make
some comments on application of some of these procedures.

IIIIIIIIIIIIIII
Estimation at Work and ResultsEstimation at Work and ResultsEstimation at Work and ResultsEstimation at Work and ResultsEstimation at Work and Results

In Table 1 we report the rural and urban, poverty estimates
for India for the selected states, as calculated by us from the data
available. The estimates we get are very similar to the GoI poverty
estimates. All further estimation is done using our unit record
data so the comparisons we make will be to our estimates
(reported in Table 1). Using our data we also obtain the corrected
poverty estimates for the 55th round using the non-parametric
regression, as done by Deaton. We refer to these as the Deaton-
Adjusted poverty estimates for the 55th round. These estimates
are reported in first column of Table 2a and 2b, for rural and
urban India respectively.20  For all-India and the different states
considered here the Deaton-Adjusted poverty estimates are above
the GoI poverty estimates, suggesting an underestimation of
poverty, by the GoI, for the 55th round.

Single Index Model: Parametric andSingle Index Model: Parametric andSingle Index Model: Parametric andSingle Index Model: Parametric andSingle Index Model: Parametric and
Semi-parametric EstimatesSemi-parametric EstimatesSemi-parametric EstimatesSemi-parametric EstimatesSemi-parametric Estimates

Next we obtain the corrected headcount ratios for the 55th
round by looking at the estimates obtained from the semi-para-
metric estimation of the conditional distribution )mz(F

it . The
results are reported in second column of Tables 2a and 2b for
rural and urban India respectively. If we use the SIM and estimate
it semi-parametrically, then using the same assumptions as made
by Deaton we find that the adjusted poverty estimates for the
55th round fall back to the estimates of the 50th round, indicating

Table 2a: Corrected Headcount Poverty RatiosTable 2a: Corrected Headcount Poverty RatiosTable 2a: Corrected Headcount Poverty RatiosTable 2a: Corrected Headcount Poverty RatiosTable 2a: Corrected Headcount Poverty Ratios
for the 55th Round (1999-2000), Rural Indiafor the 55th Round (1999-2000), Rural Indiafor the 55th Round (1999-2000), Rural Indiafor the 55th Round (1999-2000), Rural Indiafor the 55th Round (1999-2000), Rural India

(in Per cent)

Deaton- Semi- Heteroskedasticity Corrected
Adjusted parametric Probit Estimates
Estimates Estimates No House- With House-

hold hold
Covariates Covariates

(1) (2) (3) (4)

Andhra Pradesh 14.5 15.8 12.0 13.1
Assam 40.4 45.2 44.0 45.5
Bihar 50.4 57.9 53.9 50.6
Gujarat 17.1 21.6 14.4 16.1
Haryana 17.1 28.3 14.1 13.8
Himachal Pradesh 24.7 30.4 21.1 17.8
Karnataka 28.2 30.1 29.2 26.3
Kerala 15.7 25.3 14.8 12.5
Madhya Pradesh 34.5 40.7 39.1 35.4
Maharashtra 30.8 37.7 34.3 30.0
Orissa 50.7 49.9 56.4 50.1
Punjab 6.4 11.7 6.1 7.3
Rajasthan 18.8 26.3 19.0 19.4
Tamil Nadu 23.2 32.8 21.2 18.9
Uttar Pradesh 34.2 42.2 37.1 33.1
West Bengal 32.5 41.2 33.6 32.1
All-India 30.6 37.1 32.8 30.3

Table 2b: Corrected Headcount Poverty Ratios for the 55thTable 2b: Corrected Headcount Poverty Ratios for the 55thTable 2b: Corrected Headcount Poverty Ratios for the 55thTable 2b: Corrected Headcount Poverty Ratios for the 55thTable 2b: Corrected Headcount Poverty Ratios for the 55th
Round (1999-2000), Urban IndiaRound (1999-2000), Urban IndiaRound (1999-2000), Urban IndiaRound (1999-2000), Urban IndiaRound (1999-2000), Urban India

(in Per cent)

Deaton- Semi- Heteroskedasticity Corrected
Adjusted parametric Probit Estimates
Estimates Estimates No House- With House-

hold hold
Covariates Covariates

(1) (2) (3) (4)

Andhra Pradesh 30.5 38.6 30.7 28.2
Assam 7.7 8.0 7.3 8.5
Bihar 31 34.6 34.5 32.8
Gujarat 20.2 28.2 21.8 17.5
Haryana 10.4 16.5 10.0 9.6
Himachal Pradesh 7.2 9.3 5.8 4.6
Karnataka 28.5 39.8 31.1 26.8
Kerala 18.3 24.2 17.9 18.1
Madhya Pradesh 39.6 48.1 40.5 38.6
Maharashtra 27.1 34.9 28.2 28.8
Orissa 43.1 40.7 47.6 43.6
Punjab 7.6 10.9 6.4 6.9
Rajasthan 23 31.1 24.7 22.1
Tamil Nadu 29.2 39.9 30.6 25.6
Uttar Pradesh 30.5 35.0 31.8 29.0
West Bengal 18.4 23.0 18.6 17.6
All-India 26.9 33.8 28.4 26.7

that there has been no change in poverty over the five years
between the two rounds. We get the same result if we use a probit
model instead of a semi-parametric SIM. The estimation method
(parametric or semi-parametric) does not seem to make a dif-
ference; the model specification (non-parametric or SIM) how-
ever does make a difference.21

The above results are hard to believe, there might be a con-
troversy over how much poverty in India has declined over time,
but there is consensus on the fact that it has declined. One
explanation for why our adjusted HCR for the 55th round is not
different from the HCR for the 50th round could be, that one
of the assumptions underlying Deaton’s approach is violated, in
particular the second assumption. If the probability of being poor
does not have a strong relationship with mi (even if the rela-
tionship is constant over time), it would mean that the coefficients β
tend to zero, in which case we would get the above result. In fact
the estimated coefficients from the semi-parametric method do tend
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to zero.22 Expenditure on 30-day items, mi and total expenditure,
xi have a strong correlation (as suggested in Section I of the paper),
which means if the model is correctly estimated then the βs should
be significantly different from zero (whether or not there is a
theoretical reason to believe that there is a relationship).

As they are not significant, another explanation is suggested.
Namely, that the results could be due to heteroskedasticity. In
the presence of heteroskedasticity the coefficients of the SIM
model (whether they are estimated parametrically or semi-para-
metrically) are inconsistent [Yatchew and Griliches 1985].23 In
particular they tend to zero if the underlying variance is large,
giving us results reported above. The source of heteroskedasticity
in the SIMs is not due to model misspecification. However we
are dealing with a micro level data, which often has problems
of heteroskedasticity. This is more likely to be the case, with
the most likely source of heteroskedasticity being the household
size. We next include the household characteristics in our analysis.

Heteroskedasticity Corrected Poverty EstimatesHeteroskedasticity Corrected Poverty EstimatesHeteroskedasticity Corrected Poverty EstimatesHeteroskedasticity Corrected Poverty EstimatesHeteroskedasticity Corrected Poverty Estimates

As we pointed out earlier, the method of estimation – parametric
or semi-parametric – does not seem to make a difference in our
estimates, so for further analysis we present results only for
parametric estimation of SIM, i e, the probit model. We present
results from two different specifications, one which includes the
household characteristics and the other which does not. The
household characteristics that we do include are the variables
discussed above.

The regression model is modelled to allow for multiplicative
heteroskedasticity [Harvey 1976]. The two variables on which
the error variance is assumed to depend on are household size
and the square of household size. In each specification we tested
for heteroskedasticity, the null hypothesis of no-hetroskedasticity
is rejected for both the specifications. We also tested to see if there
is any other variable (other than household size and household
size square) that might effect the variance of the error term, but
we do not find evidence of any other variable impacting the variance.
We not only correct for heteroskedasticity by explicitly modelling
the error variance, but also calculate Huber-White standard errors.

This model now corrects for both the sources of hetroskedasticity
– model misspecification and nature of data. To obtain the
adjusted estimates for the 55th round, we use the estimated
coefficients from the 50th round and the data of the 55th round
to predict the probability of being poor in the 55th round. HCR
is then obtained as the weighted average for these predicted
probabilities, with the household inflation factors as the weights.
The results from this exercise are presented in column three and
four of Tables 2a and 2b for the rural and urban India respectively.

For both rural and urban India we find that for most states our
estimates of poverty lie above the Deaton-Adjusted estimates for
the 55th round.

IVIVIVIVIV
Summary and ConclusionsSummary and ConclusionsSummary and ConclusionsSummary and ConclusionsSummary and Conclusions

In this study, parametric, semi-parametric and non-parametric
approaches are used to obtain the headcount measure of poverty
for the year 1999-2000 using household expenditure survey
data of 1993-94. It is indeed widely known in India and abroad
that the surveys for the period 1993-94 and 1999-2000 are
non-comparable and the household survey for the latter period
was contaminated by the multiple recall periods used. Various
investigators have tried to adjust the poverty estimates using

different methodologies. The results prove to be sensitive to the
underlying model specification.

Deaton (2001) used information on a single auxiliary variable
and a non-parametric approach to estimate “adjusted” estimates.
His results indicate an underestimation of poverty by the GoI.
While GoI suggested a decline of poverty by almost 10 per cent
in both rural and urban India, Deaton’s estimates suggest a decline
of near 7 per cent. His results, however suffer from two caveats
– inclusion of only one explanatory variable and the estimation
method (using the methodology of continuous variable to a discrete
variable). Tarozzi (2004) includes more variables in his non-
parametric approach but finds that the GoI estimates are after all
not way off the mark (his estimates being closer the GoI estimates).

Our analysis suggests an improvement over Deaton’s non-
parametric approach, we adjust the methodology of non-
parametric estimation to a discrete variable, and find drastically
different results. These results are different from those of Deaton
and Tarozzi, and indicate no change in poverty over time. As
an alternative to the non-parametric method we use a heteros-
kedasticity incorporated probit model and the estimates of poverty
from this model (when no household covariates are used) indicate
a decline in poverty by about 5 per cent, which is less than the declines
estimated by Deaton’s adjustments and the GoI official estimates.

Methods of estimations by themselves cannot be an answer
to correction of poverty indices when there exist measurement
errors. The underlying model specification and the assumptions
made are also very important. Our broad conclusion is that
the different methods proposed for correcting poverty estimates in
India are unlikely to yield even approximately correct estimates of
poverty, or a consensus on these estimates when there are unknown
measurement errors due to non-comparable surveys.
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NotesNotesNotesNotesNotes

[The 50th Round data were made available under the collaborative arrangement
between the National Sample Survey Organisation, Government of India,
and the Overseas Development Group, School of Development Studies, of
the University of East Anglia. The second and third authors work on this
paper was funded in part by SSRC Grant No R8256, which also funded
access to the 55th Round data. We would also like to acknowledge useful
contributions from our colleagues in R8256 Kunal Sen, of the School of
Development Studies, University of East Anglia and Amaresh Dubey,
Department of Economics, North East Hills University, Shillong, India, and
courteous responses from Angus Deaton and Jeff Racine to our requests
for clarification. The usual caveats apply.

1 NSS is a household survey done in the country every year, collecting
information on the consumption. Every five years a large survey is run
with the specific aim of recording household consumption for estimating
poverty in the country.

2 The government of India publishes official poverty lines based on an
estimated per capita monthly expenditure associated with the consumption
of a given minimum caloric intake in 1973-74, updated each year using
consumer price indices for each state and sector (rural/urban).

3 Economic liberalisation of India started in 1991, for an overview of the
economic reforms and their impact refer to Sachs, Varshney and Bajpai
(1999) and references therein.

4 Another argument points to the growing divergence between expenditure
poverty and food or calorie poverty [Patnaik 2004; Meenakshi and
Vishwanath 2004].

5 Two ways in which the reporting period may effect the expenditure
reported are memory lapse and telescoping, these are likely to affect
different items in different ways, depending in large part on the salience
and frequency of the expenditures.

6 There are six broad categories of goods for which the 30-day recall was
used in all schedules, fuel and light, miscellaneous goods, miscellaneous
services, non-institutional medical services, rent and consumer cesses
and taxes. The first four are important items, and all households
report expenditures on the first three. Virtually all households also report
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non-institutional medical expenditures. Expenditures on these six
categories account for more than 20 per cent of all expenditure (more
in urban areas). Total expenditures on these 30-day goods are also highly
correlated with total household expenditures and hence these expenditures
on comparably surveyed goods might be used to track trends in total
expenditures and also in poverty.

7 This is in the spirit of Deaton (2001, 2003).
8 Our work will focus on 16 major Indian states, which together account

for 95 per cent of the population.
9 Concern is expressed in the literature over the limitation of the official

poverty lines [Subramanian 2005; Deaton and Tarozzi 2000]. The price
indices used to update these poverty lines are based on fixed commodity
weights that have become outdated over time. Deaton and Tarozzi (2000)
have proposed an alternate set of poverty lines based on unit values and
quantities consumed obtained from the NSS expenditure surveys
themselves. However, a drawback of the Deaton-Tarozzi poverty lines
is that they are not available for all states and union territories in India.
Clearly using different deflators such as those calculated by Deaton and
Tarrozi (2000) and Deaton and Dreze (2002) will result in slightly
different results.

10 The tables with the summary statistics of the data, specifically the
variables, used in this paper are available from the corresponding author
on request.

11 Dummy variables are used for four major religions – Hindu, Muslim,
Christian, and Sikh; base category being “other religions”.

12 Three dummy variables are used to identify the disadvantaged households–
scheduled tribes, scheduled castes, other backward castes; base category
being “others” – households not in the disadvantaged social groups.

13 These assumptions are tested using the information available in the thin
rounds (51st to 54th), conducted by NSSO every year between 50th and
the 55th thick rounds. The validity of using the data from the thin rounds
to test the assumptions can be questioned. The second assumption required
for the Deaton type adjustments to be valid – that the probability of being
poor conditional on the real expenditure on 30-day items is stable across
rounds – is much less plausible empirically [Sen and Himanshu 2004].

14 For further details on estimation of non-parametric density and regression
refer to Pagan and Ullah (1999, chapters 2 and 3). As a first introduction
and to get a non-technical explanation for non-parametric estimation
procedures refer to DiNardo and Tobias (2001).

15 For details on the semi-parametric estimation refer to Hardle et al (2004,
chapter 6) and Pagan and Ullah (1999, chapter 7).

16 A parametric version of (7) would be a probit (logit) model, where G[.]
is assumed to have a cumulative normal distribution (logistic distribution).

17 DWADE is studied by Powell, Stock and Stoker (1998). The PMLE
method is detailed by Klein and Spady (1993). Other related studies are
Ichimura (1993) and Horowitz (1992).

18 Tarozzi’s work is in the spirit of the work done by DiNardo, Fortin and
Lemeiux (1996). It requires the additional assumption that the structural
relationship between household characteristics and the probability of
being poor does not change over time, and that the distributions of the
household characteristics variables is not affected by survey design.

19 While our approach still requires the probability of being poor conditional
on household characteristics to be stable over time, it makes no assumptions
on the distribution of the household covariates – which may/may not
be affected by the change in the survey design.

20 We report the “Deaton-Adjusted” estimates to demonstrate that we can
replicate his results using our data, any divergence in the subsequent
results is only due to different model and or estimation methods used
and not due to data discrepancies.

21 Results for probit model are not reported but are available on request
from the authors. We also tried the logit model and obtained similar results.

22 Coefficients from the probit model also, though significant, are very small
in magnitude.

23 This problem is not addressed by Huber-White robust estimation of
standard errors. Deaton (1997, chapter 2) mentions that the inconsistency
of estimated parameters in SIM, due to heteroskedsticity, can be ignored
if all we are interested in are the estimated probabilities, but should be
taken into account if the parameters of the model are of interest, which
is the case here.
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