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Abstract

Almost a sixth of the world’s population and a large fraction of its poorest

people live in India. Until recently, national poverty estimates were widely criticized

because they relied on aggregate price indices. A new official methodology based

on micro price data was adopted in 2011. We propose an alternative approach

based on the notion that comparably poor households can be identified through the

proportion of their incomes spent on food. Compared with official estimates, we find

higher levels of poverty in eastern India, and smaller reductions in poverty from 2005

to 2010. Our estimates have weaker data requirements than official methods. They

also compare favorably on several validation tests: Households around our state

poverty lines exhibit similar patterns of calorie consumption, rates of self-reported

hunger are higher in states we classify as poor and we find a higher correlation of

price levels across areas where arbitrage is likely. (JEL: D1, E31, F01, I32)
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1 Introduction

Almost a sixth of the world’s population and a large fraction of its poorest people live

in India. Indian poverty estimates are clearly crucial inputs in understanding world

poverty trends, yet there is much disagreement about the legitimacy of methods used

to derive poverty lines. When the official methodology for estimating poverty in India

changed in 2011, the revised poverty lines resulted in a 50 per cent increase in rural

head counts. The poverty debate has been particularly charged because of the mismatch

between the rhetoric of poverty eradication and performance in spite of considerable

economic growth and also because government programmes are targeted at families that

are officially classified as poor.

Poverty lines can differ either because of alternative definitions of adequacy or variations

in the cost of the subsistence bundle. The Indian controversy has been mainly about costs,

although questions of adequacy have recently entered the discourse. Poverty lines were

linked to calorie norms in the late 1970s and were subsequently adjusted using aggregate

price indices for each of the Indian states, and separately for rural and urban areas. Over

the years, this methodology was widely criticized: The rural-to-urban price differentials

implicit in the lines were considered too large to be credible, the consumption weights

used in the price indices were only infrequently updated, and the poverty lines failed to

preserve the original calorie norms.

Although poverty measurement in most countries relies on some aggregation of local

prices, there are well-documented deficiencies in the methods used for constructing price

indices and in the quality of underlying price data (Costa, 2001; Deaton, 2010; Diewert,

1978; Hamilton, 2001; Neary, 2004; Nuxoll, 1994).1 The methods recently adopted by the

Indian government were aimed at overcoming many of these anomalies, but they are also

now challenged. These methods use Fisher indices which are geometric averages of the so-

called Laspeyres and Paasche indices. Neither the Laspeyres nor the Paasche index allows

for substitution between goods in the consumption basket, a limitation that causes both

indices to be affected by the so-called substitution bias. Taking the geometric average

of the two limits the substitution bias, but does not eliminate it. Another feature of the

1See Chen et al (2008) for an overview over methods used in various countries.
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new methods is that in the absence of micro price data, unit values are used to construct

cost-of-living indices. As unit values are expenditure divided by quantity, they may reflect

prices, but also quality of the products. Also, unit values only cover a subset of all goods,

mainly foods, for which well-defined quantity units exist in the data. Because of these

limitations, the debate on poverty measurement remains open and the search for a clear

and defensible methodology for poverty measurement continues.

In this paper, we suggest an alternative method to estimate poverty that circumvents

direct micro price measurement and aggregation of such micro price measures. We identify

cost-of-living through the estimation of Engel curves for food. Since Ernst Engel’s work

(Engel, 1857, 1895), the empirical regularity of a negative relationship between the budget

share for food and real income has been well established. Assuming that households with

the same demographic and occupational characteristics spend the same proportion of their

income on food, we use differences in nominal expenditures of households with the same

food share to estimate relative price levels. We then use those relative price levels to

derive poverty lines for the rural and urban parts of each state in each of the above years.

We exploit the Engel relationship using Indian survey data to determine cost-of-living

differences across states and across two time periods: 2005 and 2010.

Several studies have used estimates of Engel curves to correct for biases in the measure-

ment of prices over time. Hamilton (2001) pioneered this strand of literature through his

study on consumer price indices in the United States. Barrett and Brzozowski (2010);

Beatty and Larsen (2005); Carvalho Filho and Chamon (2006); Chung et al. (2010); Costa

(2001); Gibson et al. (2008); Larsen (2007); Olivia and Gibson (2012) have all applied this

method to other countries and years. More recently, it has also been used to estimate

biases in spatial price variations (Alm̊as, 2012). Studies of growth require the identifica-

tion of prices over time while studies of inequality are based on spatial price variation.

In order to study poverty however, the identification of both spatial and temporal indices

are necessary and we propose a method to do so (we later refer to this as the modified

Engel method).

Our data come from National Sample Surveys (NSS), the standard source for poverty

studies in India. Although consumer expenditure surveys are conducted each year, the

large surveys that can be used for state-level estimates are typically quinquennial, hence
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the choice of 2005 and 2010 for our analysis.2 These data are richer than those used in

many of the studies cited above, and allow us to control for demographic and occupational

variables that are likely to influence the budget share for food. This makes our identifying

assumption of a stable Engel curve more plausible. Our price estimates are identified

directly from the estimated Engel curves, and corresponding poverty measures are derived.

We normalize our price estimates to yield the same aggregate price level for 2005 as official

methods use to allow for a meaningful comparison of the poverty rates.3

We present three main results on poverty trends and patterns. First, the dispersion in

price levels and corresponding poverty rates across Indian states exceeds that of official

estimates. Second, poverty rates in the rural part of the eastern states of Assam, Bihar,

Odisha and West Bengal are consistently higher than those implied by official figures and

exceed 50 per cent in both survey years. Third, the decrease in overall poverty over our

five-year period is much more modest than suggested by official statistics. All of these

results appear robust to alternative empirical specifications of the Engel relationship and

to changes in the composition of our sample.

The Engel method is a structural approach that rests on quite strong identifying assump-

tions. Although the structural assumptions are founded upon consumer choice theory and

seem consistent with observed behavior in micro data, the method has been criticized,

particularly for its failure to tackle certain forms of household heterogeneity.4 First, even

if the structural assumption about consumer behavior, i.e., the way the budget share for

food changes with income, is consistent with micro data, it may still be the case that any

two households may achieve different welfare levels, even if they have identical budget

share for food and real expenditure level. This critique of the use of demand system

estimation to infer welfare was raised by Pollak and Wales in several papers where they

focused on the use of traditional equivalence scale adjustments to address heterogeneity

in household composition (Pollak and Wales, 1979, 1981). As the number of children is

partly a choice variable, and because households may differ in the welfare valuation of

children, we cannot compare the welfare level of a household with three children to the

2As an exception to this practice, an extra survey was conducted in 2011 to update poverty measures.
3Chattopadhyay (2010) and Coondoo et al. (2011) are also related in that they use NSS consumption

data to estimate prices. Their approach is however more structural, estimating a larger set of parameters
and relying on grouped rather than individual micro data.

4Note that standard price indices can be criticized along the same lines.
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welfare level of a household with two children simply by using a measure of real income

and some chosen equivalence scale. In this paper, we have chosen to focus on households

with two children and two adults in order to avoid problems related to using a traditional

equivalence scale adjustment. But, because we are worried about the potential selection

effect of choosing to study households of a specific composition and size, we also provide

a series of robustness checks where we include all households using controls for children

and adults and different equivalence scales, to calculate poverty. All the checks confirm

our main results on cost of living measures and poverty calculation. However, the results

of these robustness checks should be interpreted with caution, keeping the critique raised

by Pollak and Wales in mind.

Second, there may be residual heterogeneity even among households of the same compo-

sition and size. In particular, heterogeneity arising from the fact that different households

live in different geographical areas has received some attention in the literature. A re-

cent paper by David Atkin discusses habit formation leading to differences in preferences

across geographical areas in India. Atkin (2013) does not study preference differences

across food and non-food - the categories used for identification in this paper - but rather

within the food consumption category. Yet his main argument that there may be unob-

served heterogeneity and differences in preferences that may impact the results from the

Engel method is still valid. Third, as we know that preferences are non-homothetic, if

relative prices differ, and if relative prices affect the budget share for food, cost of living

is not only different across geographical areas, but also between households with different

income levels. As the Engel curve only provides one cost of living for each geographical

area (in each time period), it can only identify the cost of living of one particular income

level. As we are concerned with identifying the cost of living for those around the poverty

line this in itself is not a problem. However, as shown in Beatty and Crossley (2012),

the income level for which the Engel method identifies cost of living, is unknown to the

researcher and hence it is not guaranteed that the cost of living we report is that for

the income level around the poverty line. All these questions call for a validation of the

results from the Engel curve method.

In addition to this paper’s findings about poverty, a contribution is to provide a validation

of the results from the Engel method. The data we use allow us to conduct an empirical
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investigation of the Engel based cost of living and poverty estimates as well as the new

and old official poverty counts and implicit cost of living indices. First, we examine

correlations between estimated prices in urban and rural areas within states. Markets

are likely to be well integrated within states leading us to expect a positive correlation

between these two sets of prices. Deaton and Tarozzi (2000) compute such correlations

based on unit values from the same survey data for previous periods and find them to be

high and positive.5 The correlation coefficients of our estimated rural and urban prices

are positive for both our survey years and higher than those resulting from the current

official methodology for estimating prices and poverty.

Our second and most elaborate validation check examines the sources of calories for

households with per capita consumption in a narrow band around our estimated poverty

lines. One might expect that the poor get their calories from relatively cheap sources while

the less poor substitute towards more expensive calories with favorable attributes such as

taste or status (Jensen and Miller, 2010). Our survey data indicate that cereals are the

cheapest sources of calories and that their share of calories falls as household expenditure

increases. If our estimated poverty lines do represent the same level of real household

income, we would expect households around these lines in different states to have similar

cereal-calorie shares. When we limit our sample to households in a symmetric five per

cent interval around the poverty lines for each state and for each of the two time periods,

we find that households clustered around our estimated lines get similar shares of their

total calories from cereals. This is not true for the official lines, which suggests that we

have been able to more accurately identify equally poor households across states and time

periods. As a final check we examine rates of self-reported hunger across states and find

the highest rates in many of the states that we classify as the poorest.

Our paper also compares estimates from the current and previous official methodology for

estimating poverty used by the Indian government and finds the new methods constitute

a significant improvement on previous techniques. For example, we show that the new

estimates of price levels within states exhibit much higher correlations than before, and

the spatial distribution of poverty seems more consistent with those from other studies

(see e.g. Deaton and Tarozzi, 2000; Deaton, 2003). As such we show that the new official

5Using data for the two NSS rounds, 1987-1988 and 1993-1994, they find this correlation to be close
to .7 in both years.
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estimates perform quite well in the validation exercises, far better than the old outdated

official numbers. But, we also show that despite potential challenges to the identification

through the Engel method, the method provides very well in the validation exercises, and

substantially better than the current improved official methodology.

The rest of this paper is organized as follows. In Section 2, we outline a brief chronology

of poverty measurement in India. In Section 3, we describe our empirical methodology in

detail and discuss the data and the variables used in the main analysis. The key findings

are presented in Section 4. In Section 5, we present results on cereal-calorie shares and

the validation checks of our approach. In Section 6, we report results from a range of

specification checks. Concluding remarks are provided in Section 7.

2 Indian poverty measures: a chronology

Poverty lines during the colonial period and in the decades immediately following in-

dependence were quite arbitrary and based on varying notions of adequacy (Srinivasan,

2007). In 1979 the notion of subsistence was first linked to nutritional needs and house-

hold spending patterns. Calorie norms of 2400 per capita per day for rural India and

2100 for urban India were adopted and the expenditure equivalents of these norms were

identified through the empirical distribution of consumer expenditure from the NSS sur-

vey of 1973–74. These became the new poverty lines for rural and urban India. Although

derived from household expenditure data, they were stated in terms of monthly per capita

expenditures and this continues to be the current practice (Government of India, 1979).6

Implicitly, subsistence was defined as the bundle consumed by households at these calorie

levels.

Until the 1990s, no attempt was made to capture differences in prices or spending patterns

across states. Poverty estimates were revised with each quinquennial NSS survey and price

deflators were used to adjust for price changes over time.7 In 1993, an expert group set up

by the Planning Commission recommended state-specific poverty lines based on regional

6The 1979 poverty lines were 49 and 57 rupees in rural and urban areas respectively.
7The choice of deflators changed over the rounds. For details, see Government of India (1993), p. 13.
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prices which captured the cost-of-living for poor households (Government of India, 1993).

For each state, the new price deflators were the consumer price index for agricultural

labourers (CPIAL) for the rural population and the consumer price index for industrial

workers (CPIIW) for its urban counterpart. The updating of poverty lines was done

purely on the basis of these cost estimates.

Over the years, this method lost credibility. The price data was argued to be flawed and

successive poverty lines failed to preserve the original calorie norms (Deaton and Tarozzi,

2000; Deaton, 2003, 2008). Another expert committee was formed in late 2005 led by

Suresh Tendulkar and most of its suggestions were adopted by the Planning Commission in

2011 (Government of India, 2009, 2011). The Tendulkar Committee did not relate poverty

lines to calories. However, for the sake of continuity, it anchored the all-India urban head

count for 2004–05 to 25.7 per cent, the official estimate under the old procedure. Using

this normalization, it then arrived at rural and urban poverty lines for each state using

elaborate methods for estimating regional price variations based on the aggregation of 23

price indices for different categories of expenditure (Government of India, 2009).

The Tendulkar methodology obtains price estimates using unit values computed from

the same NSS data that are used to estimate household expenditure. Although unit

values may differ from prices because they do not adjust for differences in quality, it has

been argued that these biases are quite small (Deaton, 1988). A more serious objection

is that it is only possible to construct unit values for items for which survey data can

provide meaningful quantities. This includes most food and fuel, but excludes education,

health care and other services. For these categories of consumption, price information

was obtained from a variety of sources.8 This makes the new procedures somewhat ad

hoc and difficult to replicate in the future.9

Based on the new methods, rural poverty was found to be 50% higher than previous

estimates for 2004-05 and regional patterns of poverty were also quite different. In 2011,

the same methodology was used to compute poverty estimates based on the NSS survey

8The cost of school attendance is derived from the NSS employment–unemployment survey; health
care costs are calculated from the NSS Morbidity and Health Care survey; and prices for the remainder
of households’ consumption bundles (including entertainment, services and durables) are derived from
the price data underlying the CPIAL and CPIIW.

9Subramanian (2011) provides a critical review of the new methodology.
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of 2009-10. We therefore have two sets of official estimates for 2004-05, corresponding

to the old and new methods adopted by the Indian Planning Commission for estimating

poverty. For 2009-10, we have estimates based only on the new methods suggested by the

Tendulkar Committee. We compare our results to both sets of official numbers in Section

4.

The new official estimates continued to be controversial and led the Indian Planning

Commission to constitute yet another expert group to evaluate them in June 2012. The

group’s recommendations were released in June 2014. It is in this context that we believe a

more theoretically grounded approach to measurement is especially valuable. We present

this in the next section.

3 Data and Methods

Challenges related to the quality of local price data and to techniques used for its aggre-

gation have spurred a literature that uses structural methods to estimate price differences

(see for example, Neary, 2004). Two strands of this literature are especially relevant for

us. Hamilton (2001) first relied on estimated Engel curves for food over time to identify

biases in the consumer price index and then used the corrected prices to deflate nomi-

nal income for the United States. This method has since been widely applied to other

countries and time periods.10 Almås (2012) used the same Engel relationship in a spatial

setting to identify biases in purchasing power parity numbers of the Penn World Tables.

The method we propose here is a variation on the above approaches. Instead of using

shifts in Engel curves to identify biases in existing prices as has previously been done,

we directly estimate relative prices through the systematic variation in Engel curves for

similar households over the two years and for each Indian state. The identified prices are

then used to calculate real income and poverty head counts. This allows us to identify

poverty trends for each of our spatial units.

10The most significant of these studies have been referred to in the Introduction.
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We estimate the following demand system (Deaton and Muellbauer, 1980a):11

mhst = a+ b(ln yhst − lnPst) + θXhst + εhst, (1)

where mhst is the budget share for food, yhst is the nominal household expenditure level,

and Xhst is a vector of household-specific control variables, such as demographics, religion

and occupation, for household h in state s at time t. Pst is the composite price of

consumption in state s at time t.12

The only unknown variable in this regression is the overall state price level Pst. This is

also the only variable measured at the state/year level. Hence, it can be identified through

state- and time-specific dummy variables:

mhst = a+ b ln yhst + θXhst +
N∑
s=2

ds1Ds1 +
N∑
s=1

ds2Ds2 + εhst, (2)

where Dst is the state level dummy variable for state s in period t, and N is the total

number of states. State 1 in period 1 is taken as the base and, hence, D11 is not included

in the estimation. The state dummy coefficient, dst, is a function of the overall state price

level, Pst, and the coefficient for the logarithm of household expenditures, b:

dst = −b lnPst. (3)

From Equation (3), it follows that the overall price level is given by:

Pst = e−
dst
b . (4)

This price level is measured relative to the base state in the base time period.13

An attractive feature of this approach is that we can identify price variation without re-

11We assume here that the budget share for food is not influenced by relative prices. This is discussed
later in this section and relaxed in Section 6.

12Note that if we aimed at identifying household specific poverty lines, we would also include the
household specific control variables in our cost-of-living estimates (see Blundell et al., 1998; Pendakur,
2002; Pollak and Wales, 1981). See Dickens et al. (1993) for a discussion of properties of the demand
system we use. Further, if we focused on other real income levels than the poverty line threshold, we
would also include total expenditure in the cost-of-living estimates as preferences are non-homothetic
(see Pendakur, 2002; Alm̊as and Sørensen, 2012).

13This is a normalization. All results are invariant to the choice of base state and period.
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lying directly on price data. Our main specification assumes that the budget share for

food is not influenced by relative prices, and we are able to identify comparable price

levels by using expenditure data and demographics, only. We relax this assumption in

Section 6 as one of our many specification checks. We do this by including a measure of

relative prices constructed from unit values and find almost identical results to those from

Equation 1.14 The demand system has been shown to be consistent with utility maximiza-

tion and allows for non-homothetic tastes as well as substitution in consumption (Deaton

and Muellbauer, 1980b). Our robustness analysis contains a more general discussion of

alternative functional forms and shows that a quadratic demand system generates similar

results.

Although any item of consumption could work as an indicator good, food has several

advantages over other potential candidates. Its income elasticity differs substantially from

unity so its budget share is sensitive to the level of household real income and therefore

to the price deflator for nominal income. Also, because of its perishability, expenditures

in one period cannot provide a flow of consumption in another period. Finally, studies of

different countries, and over different time periods, suggest that the Engel curve for food

is log-linear and stable (Banks et al., 1997; Beatty and Larsen, 2005; Blundell et al., 1998;

Leser, 1963; Working, 1943; Yatchew, 2003).

We use data from two recent large NSS rounds conducted in 2004–05 (the 61st round) and

2009–10 (the 66th round). Our sample consists of the 30 states and union territories used

in the construction of the official poverty lines.15 Summary statistics, covering 222,558

households, are shown in Table 1. Consumption expenditures are recorded based on a 30-

day recall period for most consumption goods and on some infrequently purchased items

using a 365-day recall period.16 The NSS values items received in-kind at their average

14The evidence on the effect of relative prices on food shares in mixed. For the United States, Hamilton
reports an insignificant positive coefficient of 0.037, whereas Costa (2001) reports a significant positive
coefficient of 0.006 for the period 1919-1935 and an insignificant negative coefficient of -0.008 for the
period 1960-1994. Alm̊as reports a positive and significant coefficient equal to 0.047 in her cross-country
study.

15We exclude the union territories of Andaman and Nicobar Islands, Chandigarh, Daman and Diu,
Dadar and Nagar Haveli and Lakshadweep, which together constitute barely one per cent of the NSS
sample.

16This applies to clothing, bedding, footwear, education, institutional medical expenses and durable
goods. The 66th NSS round is published as two separate surveys, each with different recall periods. To
obtain a comparable sample for the two time periods, and for comparability with the official poverty
counts, we use the “type 1” survey version.
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local retail price, while home production is evaluated at market prices net of transport

costs.

As control variables we use data on household demographics, occupation, religion, land

ownership, number of free meals and the age of the household head, all taken from the

same NSS consumer expenditure survey. To avoid potential biases arising from variations

in family composition, we restrict ourselves to households consisting of two children and

two adults for our main results. This is the most frequently observed family composition

in the NSS dataset but the restriction reduces our sample size by almost 90 per cent. As a

robustness check, we also estimate our model using the full sample and including controls

for the numbers of children and adults. All our main findings are robust to this change

of sample. Because of the different occupational categories in the urban and rural sample

and also because of potential unobservable differences across the sectors, we estimate on

the urban and rural samples separately.
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4 Results

Table 2 reports estimates from the demand model given in Equation 2. As expected

from Engel’s Law, the logarithm of total monthly expenditure has a negative effect on

the budget share for food. The coefficients imply expenditure elasticities of +0.77 and

+0.70 in rural and urban sectors respectively, which are similar to those found in previous

studies (Alm̊as, 2012; Beatty and Larsen, 2005; Carvalho Filho and Chamon, 2006; Costa,

2001).17

Table 2: Demand system estimates

Dep. var.: Budget share for food (%) Rural Urban
Log of household expenditure -12.628 -13.761

(0.215) (0.181)

Observations 14257 9112
R2 0.379 0.522

Note: Robust standard errors are in parentheses. Additional controls are the age of the household head,
the proportion of females in the household, the number of free meals taken outside the home and
dummy variables for the occupation, religion and cultivated land categories listed in Table 1.

We use the coefficients for log expenditures and the state-year dummies to calculate prices

based on Equation 4. Although our estimates are based on the full sample of 30 states and

union territories described above, we present results for the 17 largest states labelled as

major states by the NSS. These cover roughly 80 per cent of the Indian population.18 To

obtain the prices implicit in the official poverty lines, we divide the official poverty lines

by the all-India poverty line for each sector and time period. These spatial price indices

are in columns (1)-(8) of Table 3 under the headings Engel and IPCc, the c subscript

indicating that the estimates are based on the current official methods as opposed to those

initially used to compute the 2004-05 poverty lines (standard errors for the Engel based

price estimates are reported in Table 7 and 8). To easily compare the spatial variation in

prices generated by our methods and those followed by the Indian Planning Commission,

we re-weight prices for each method and year so that their population-weighted all-India

average equals 100. As seen from the coefficient of variation in the last row, there is more

price variation in rural as compared to urban areas under both methods and the Engel

17The expenditure elasticities are calculated as 1 + b
m where m is the mean food share in the sample.

18We focus on these for brevity and because estimates for the other 13 states are much less reliable due
to small samples. For example, in rural Delhi the sample contains only 59 households.
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prices imply more dispersion than official measures in both sectors.

Columns (9)-(12) display the state prices for 2009–10 relatively to the all-India levels in

2004–05. This allows us to investigate the intertemporal changes in prices. The Engel

estimates suggest a cost-of-living increase of about 60 per cent for the five-year period

or an average annual increase of approximately 10 per cent. By comparison, the implicit

Planning Commission price measures indicate an overall increase of 50 per cent, an average

annual increase of approximately 9 per cent.19

Given these price indices, it is straightforward to compute updated poverty lines and head

counts. Since our price measures are identified only up to a normalization, we anchor our

set of prices to the all-India poverty lines for 2004–05.20 We then derive state poverty

lines for both time periods by multiplying the all-India lines for 2004–05 with the state

prices in Columns (1), (3), (9) and (11) divided by 100. This procedure implies that our

estimated all-India head-count ratios for 2004–05 differ from the official ones only because

of different spatial prices while the head counts for 2009–10 deviate on both spatial and

intertemporal dimensions.

Table 4 presents head counts based on the Engel analysis together with those from current

and previous official methods. The salient differences are as follows: First, we find more

geographical variation in poverty than either of the official measures. This is true for

both rural and urban sectors, and both time periods. Second, there are consistently

higher concentrations of poverty in the rural eastern India, in states such as Assam,

Bihar, Odisha and West Bengal. In each of these states, more than 50 per cent are

classified as poor. Third, most areas experienced some poverty alleviation over the five-

year period but the reduction is substantially more modest than the one suggested by the

official measures. For 2004–05, the year for which there are three sets of estimates, ours

are closer to the current official methodology than the one in use at that time.

19The Engel estimates indicate relatively higher cost-of-living increases for some western and south-
western states, such as Karnataka, Maharashtra and Rajasthan. To draw a parallel to the previous
literature, we can also compare our price increase with that reported by the official CPI. Table 9 reports
the price growth reported by CPI and reveals that we find a larger price for both urban and rural areas
and hence that the CPI is, according to the Engel method, biased downwards.

20This normalization is attractive because it allows us to compare our measures to official ones.
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Table 4: Poverty head counts

2004–05 2009–10
Rural Urban Rural Urban

Engel IPCc IPCp Engel IPCc IPCp Engel IPCc Engel IPCc

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Andhra Pradesh 32.0 32.3 10.5 20.2 23.4 27.4 27.7 22.7 16.0 17.7
Assam 85.8 36.2 22.1 45.4 21.8 3.6 73.7 39.9 43.6 25.9
Bihar 82.3 55.7 42.7 59.9 43.7 36.1 76.9 55.3 64.9 39.4
Chhattisgarh 29.0 55.1 40.8 35.4 28.4 42.2 17.3 56.1 12.5 23.6
Gujarat 37.4 39.1 18.9 19.9 20.1 13.3 46.5 26.6 21.6 17.7
Haryana 11.6 24.8 13.2 15.2 22.4 14.5 26.4 18.6 28.2 23.0
Jharkhand 78.1 51.8 46.3 36.7 23.8 20.3 40.1 41.3 47.1 31.0
Karnataka 23.4 37.5 20.7 18.5 25.9 32.6 34.5 26.1 16.9 19.5
Kerala 8.3 20.2 13.2 23.1 18.4 20.0 3.5 12.0 18.6 12.1
Madhya Pradesh 17.4 53.6 36.8 25.7 35.1 42.7 19.0 42.0 16.3 22.8
Maharashtra 20.3 47.9 29.6 15.9 25.6 32.1 20.2 29.5 15.4 18.3
Odisha 63.0 60.8 46.9 46.2 37.6 44.7 53.0 39.2 41.3 25.9
Punjab 4.6 22.1 9.0 9.0 18.7 6.3 3.1 14.6 17.5 18.1
Rajasthan 30.1 35.8 18.3 28.7 29.7 32.3 33.9 26.4 26.0 19.9
Tamil Nadu 46.3 37.5 23.0 17.4 19.7 22.5 20.5 21.2 18.2 12.7
Uttar Pradesh 27.9 42.7 33.3 37.8 34.1 30.1 32.3 39.3 39.7 31.7
West Bengal 66.8 38.3 28.4 40.0 24.4 13.5 70.3 28.8 37.3 21.9

All India 39.7 41.8 28.3 25.6 25.7 25.7 37.7 33.3 24.8 20.9

Note: The all-India rates are weighted averages of the state-level poverty head counts, using the NSS
population multipliers. The subscript c and p denote current and previous official poverty measures
respectively.
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5 Validating our estimates

We have seen that our method yields prices and corresponding poverty rates that differ–

substantially for some states–from the official measures. Is there any reason to believe

that our poverty numbers are more credible than officially published ones? In this section

we present the outcome of three quite different exercises that lead us to have confidence

in the validity of our estimates.

Our first exercise investigates the correlation between the rural and urban price indices

derived from our estimates. If, as is generally believed, markets are fairly well integrated

within states, we would expect to see a substantial positive correlation in these prices and

states with a high price level relative to the all-India average in one sector should also have

a relatively high price level in the other sector (Deaton and Tarozzi, 2000). The Engel

indices do exhibit this strong correlation between rural and urban areas, with correlation

coefficients of 0.92 and 0.83 in 2004–05 and 2009–10, respectively. The corresponding

correlation coefficients for the implicit Planning Commission prices are also positive, but

somewhat lower at 0.81 and 0.72 for these two years. A striking contrast is found in the

old Planning Commission measures which exhibit a negative correlation between spatial

prices in rural and urban areas (−0.34 in 2004–05).21 This seems implausible and suggests

that the price measures in use until recently were out of date.22

Our second exercise is the most elaborate of the three and involves a comparison of the

behavior of households we estimate to be poor with those classified as such by official

lines. We do this by examining the sources from which households get their calories. An

adequate intake of calories and nutrition is central to any notion of subsistence, which is

why calorie norms were used to define Indian poverty lines in the 1970s. If we believe

that poor families are likely to maximize their calorie intakes, one would also expect

them to rely on cheap sources of calories. With increases in income, they are likely

to substitute away from these towards calories with better taste or status attributes

(Behrman and Deolalikar, 1988). Jensen and Miller (2010) formalize this intuitive idea

21This correlation coefficient is based on the spatial prices implied by the previous official poverty lines.
Note that these poverty lines were estimated for only 22 of the 30 states and union territories. The spatial
price index is therefore based on these 22 states only.

22See Deaton and Tarozzi (2000) and Deaton (2003) for similar findings for earlier years.
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within a theoretical consumer choice framework and find that the evidence supports it.

We are able to compute the caloric intake of each food item consumed by a household in

the NSS by multiplying the quantity consumed by the corresponding calorie conversion

factor from the NSS.23 In Appendix A (Table 10), we compute the average price per calorie

for the main food groups reported in the NSS data. Cereals are by far the cheapest source

of calories. We also plot the share of total calories from cereals versus the logarithm of

total expenditure. Not surprisingly, we find a monotonic negative relationship between

cereal shares and the log of total expenditure.

We use this negative relationship between cereal-calorie shares and income to evaluate the

Engel-based and official poverty counts. We do this by examining the cereal-calorie shares

of households in a symmetric 5 per cent interval around the two sets of poverty lines. If the

state-wise poverty lines represent the same real expenditure level across states, one would

expect these households to have similar cereal-calorie shares, despite the fact that their

nominal expenditure levels vary. This hypothesis is investigated in Figure 1. Because the

figure is based on households within a limited range of the expenditure distribution, we

restrict the analysis to the 12 states with the largest numbers of rural households in the

NSS data in 2004–05. This yields a sample of 2000 rural households in 2004–05.24

The top panel in the figure displays fitted lines for cereal-calorie shares against nominal

expenditures for rural and urban sectors. Looking at the fitted lines representing families

close to the Engel poverty lines we see that they are almost horizontal. In other words,

households around the estimated lines in the 12 states seem to behave as if they were

equally poor. Interestingly, households from states such as Assam, Bihar, West Bengal

and Odisha, which have relatively high nominal poverty lines by no means diverge from the

other households. The figure also graphs corresponding fitted lines for families around

the official poverty lines, based on the current and the previous methodology. These

households do not seem to behave as if they were equally poor. In particular, based on

their higher cereal shares, households from Assam, Bihar, West Bengal and Odisha seem

23These widely-used factors are based on work by the National Institute of Nutrition (Gopalan et al.,
1971).

24For consistency, we use the same 12 states for the urban sector. With a few exceptions, these states
also have the largest numbers of urban households. Our rural sample in 2009–10 is 1400, mainly because
of a smaller overall sample. The urban sample in the two years consists of 860 and 630 households
respectively.
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Figure 1: Calorie shares and nominal expenditure levels
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Note: The graphs in the figure display simple fitted lines using only observations on households with
expenditure levels that are 2.5 per cent above and below the relevant poverty line.

to act as if they were poorer than households close to the poverty lines in other states.25

This suggests that the official methods fail to capture real cost-of-living differences across

Indian states. In Appendix A we conduct a semi-parametric analysis, which indicates

that these findings are not driven by differences in relative food prices or other observed

household characteristics. It is also reassuring that the shares seem to be stable over

time and hence, our poverty lines seem to identify the same real income level in the two

periods. The cereal shares around the official poverty lines are however higher in the last

time period, which indicates that these lines on average represent a lower real income

level compared to the official lines in the first period.26

25All the slope coefficients for the official poverty lines are significantly different from zero and signif-
icantly steeper than the ones for the Engel poverty lines. None of the slope coefficients for the Engel
poverty lines, except the one for rural 2004–05, are significantly different from zero.

26We have conducted t-tests to check this more formally, and we are unable to reject a null hypothesis
stating that the shares for households close to the Engel poverty lines in the two years are the same
(p-value=0.337 for rural and p-value=0.758 for urban), whereas we are able to reject such a null for the
official poverty lines (p-value< 0.001 for both urban and rural areas).
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As an alternative to cereals, we could use a commodity which is consumed by most

households across the country and whose share increases monotonically with real income.

The food group edible oils & fats is a potential candidate. In Appendix A we show that

there is a positive relationship between edible oil-calorie shares and the logarithm of total

expenditure, although this relationship is much weaker than the one for cereals. In the

bottom panel of Figure 1, we show fitted lines corresponding to those in the top panel but

using edible oils instead of cereals. Once again, the Engel estimates provide no indication

of any systematic differences across states while around the official lines, oil-calorie shares

are rising in nominal income.27

The above analysis has used the set of poverty lines derived in Section 4. In principle

however, our estimated prices should provide us with comparable households across states

for any interval in the distribution of real expenditure. To see whether the above pattern

is robust to alternative poverty lines, we scale the all-India poverty line up and down and

for each multiple of the original poverty line we estimate the linear relationship between

calorie shares for cereals and nominal income for households in the 5 per cent band around

the line. We repeat this for edible oils. Figure 2 plots these slope coefficients for both the

Engel and the official methods for different multiples of the original line. The 100% value

corresponds to the slopes in Figure 1.

For all scalar multiples of the poverty lines we use, the slopes are roughly zero for the Engel

lines for both cereals and oils. This is reassuring both for our estimates of the current

pattern of poverty but also as validations of this procedure for future poverty lines, which

may rely on a definition of subsistence at a higher level. For the official lines, the slope

coefficients are negative for cereals-calorie shares and positive for oil-calorie shares. This

suggests that those around official lines with higher nominal incomes also have higher real

incomes.

As a minor and final validity check of our estimates, we use responses on household

perceptions of hunger. In the NSS survey, respondents are asked whether every member

of the household gets “enough food every day”.28 This is a self-reported measure of

27All the oil-slope coefficients for the official poverty lines are significantly different from zero and
significantly steeper than the ones for the Engel poverty lines. And again, none of the slope coefficients
for the Engel poverty lines, except the one for rural 2004–05, are significantly different from zero.

28These proportions are taken from the “type 2” NSS survey, because the question does not appear in
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Figure 2: Slope coefficients calorie analysis for different poverty lines
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Note: The horizontal axis displays percentage of the original all-India poverty line.
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hunger and should be interpreted with the usual caveats. However, we have little reason

to expect any systematic errors across states.29 Figure 3 shows the proportion of all

households reporting a lack of food.30 These numbers are plotted against two sets of

head-count ratios: those from the Engel analysis and the new official poverty rates. The

graphs reveal that four of the five states with the highest levels of self-reported hunger are

Assam, Bihar, Odisha and West Bengal; states for which Engel-based poverty estimates

are higher than official numbers.

Figure 3: Head counts and self-reported hunger
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Note: The hunger questions from the 61st and 66th NSS surveys are not entirely consistent with each
other. In NSS61, respondents are asked “Do all members of your household get enough food every
day?”, and are asked to choose between: “yes: every month of the year”; “some months of the year”;
and “no: no month of the year”. In NSS66, respondents are asked “Do all members of your household
get two square meals every day?, and are asked to choose between: “yes: every month of the year”;
“some months of the year”; and “no: no month of the year”. This discrepancy could explain the
relatively large drop in the number of households reporting hunger over time. However, the discrepancy
is not a major concern because we do not compare households between survey rounds.

Table 5 shows the overall correlation between head-counts and self-reported hunger ratios.

The poverty counts based on the new official methodology are positively correlated with

the self-reported hunger but the correlations are smaller than those for the Engel counts.

For urban areas the negative correlation between hunger and poverty counts based on the

old official methodology further suggests that the previous Planning Commission measures

are misleading and out-dated.

the “type 1” survey that we use for the rest of our data.
29See Deaton and Tarozzi (2000) for a critical evaluation of this subjective measure.
30We combine the rural and urban head counts, using population weights.
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Table 5: Correlations between self-reported hunger and head counts

Correlation coefficients
Engel IPCc IPCp

Rural Urban Rural Urban Rural Urban
2004–05 0.55 0.74 0.20 0.28 0.30 -0.15
2009–10 0.64 0.53 0.41 0.41

6 Robustness analysis

In this section, we perform several checks on our specification and our sample. We first

include relative food and non-food prices as an additional control since these may influence

the budget share for food. We then limit ourselves to look at the intertemporal price

movements and estimate our model separately for each state addressing the potential

worry that tastes may differ across geographical regions (see Atkin, 2013, for a discussion

of this). This identifies price changes over the five year period for each state and we

compare these with the inter-temporal estimates derived in Section 4. We also investigate

the assumption of a log-linear functional form. We do this by estimating the Engel curves

semi-parametrically for each state and also by comparing our estimates with those from

a more flexible quadratic demand specification. All the estimates presented above are

based on households with exactly two children and two adults. As a robustness analysis

we re-estimate our model using all available households and find very similar results.

Further, one might worry that noise in the expenditure variable could downwardly bias

the coefficient for the logarithm of total expenditure, as the variable appears on both sides

of Equation (1). We address this concern in a final robustness check, using the logarithm

of the village level mean as an instrument for the logarithm of total expenditure. Details

on each of these checks are given below.

Turning to our first specification check, it is possible that the budget shares are influenced

by relative prices. We explore this by including the ratio of food and non-food prices as

an additional control variable in our Engel estimation.31 This ratio is constructed from

31When budget shares depend on relative prices, the cost-of-living in the demand system becomes
income specific in that the cost-of-living comparison will depend on the income level chosen for evaluation.
Hence, the Engel based method with relative prices measures the cost-of-living for one specific income
level. This reference utility level need not be the same as that underlying conventional price indices. See
Beatty and Crossley (2012) for a discussion of this. It is therefore reassuring that our main findings are
not sensitive to including the relative prices in the estimation of cost-of-living, and hence we have no
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unit values obtained by simply dividing expenditures by the quantity consumed for items

for which both these are available. This is the case for 127 food items and 41 non-food

items. We use median unit values for all these 168 consumption items at the district

level.32 Although unit values are different from prices, this should give a proxy to the

relative food and non-food price relation in different locations. Details on construction of

the relative price variable are in Appendix B.

With the relative price control, the Engel curve in the demand system is given by:

mhdst = a+ b(ln yhdst − lnPst) + γ(lnP f
dst − lnP n

dst) + θXhdst + εhdst, (5)

where P f
dst is the price of food and P n

dst is the price of non-food items in district d in state

s at time t. The only unknown variable in this regression is as before, the overall state

price level Pst and the identification of this is as before. We see from Table 7 and 8 that

these estimates are almost identical to our earlier price estimates.

We next compare our inter-temporal price changes from our pooled model in Equation

(2), with estimates of the same changes from estimating the model separately for each

state and rural and urban sectors. By normalizing the price level in the first period for

each state and sector to unity we can pick up the price level in the second period by

estimating:

mht = a+ b(ln yht) + θXht + dDt+1 + εht, (6)

and using the dummy-coefficient, d to compute:

Pt+1 = e−
d
b . (7)

The fourth row in Table 9 presents the overall price estimates for the rural and the urban

sector. It is comforting that this disaggregated analysis gives almost identical state-wise

price changes as our pooled results.

As a specification check we relax the assumption of a log-linear relationship between

reason to expect that including relative prices and an alternative reference utility level is quantitatively
important.

32Relative prices are used at the district level, as a state specific relative price variable would make the
identification through the dummies impossible. We use the median rather than the mean because it is
less sensitive to outliers.
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the budget share for food and total expenditures. We first present estimates from a

semi-parametric kernel analysis. The analysis is based on removing the effects of all our

covariates in Equation (2) other than the logarithm of nominal expenditures, using differ-

encing. The resulting residuals are plotted against the logarithm of nominal expenditures

in Figure 4, separately for each of the major states and time periods. While this procedure

forces the partial effects of the covariates to be linear and similar over time and between

states, the effect of the log of expenditure is allowed to have a more flexible functional

form and to vary across states. We find that the plotted lines are close to being log-linear

and there is little variation, both over time and between states. Hence, the kernel analysis

suggests that our main results are not driven by our functional form assumptions.

As a further check on functional form, we estimate the following quadratic demand system

(Banks et al., 1997; Dickens et al., 1993):

mhst = a+ b1(ln yhst − lnPst) + b2(ln yhst − lnPst)
2 + θXhst + εhst. (8)

The overall price component, Pst, is identified directly using non-linear iteration and state-

and time-specific dummy variables. For both urban and rural sectors, the coefficients for

the squared expenditure terms are statistically significant but small. The other coefficients

are comparable with those from the linear specification.

The fourth column of Table 7 and 8 reports the corresponding spatial price measures.

These confirm, and strengthen, our first two findings. There is more price dispersion across

states than implied by the official measures, and the price indices indicate a relatively high

cost-of-living in the eastern states. The fifth row of Table 9 reports the implied inter-

temporal price measures. These are very similar to those from our main specification.

In Section 4, we restricted our sample to households with two children and two adults.

Estimates from the full sample of households generate similar expenditure elasticities for

the urban sector and slightly larger elasticities for the rural sector.33 The corresponding

spatial prices are presented in Column (3) of Table 7 and 8. The geographical pattern

of prices is similar. Price changes are slightly lower than with our restricted sample but

indicate, as before, higher cost-of-living increases than suggested by the official measures.

33The extended sample’s expenditure elasticity of +0.79 versus +0.77 from the main specification.
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Thus, our sampling restrictions do not drive our main findings.

As a final robustness check we use the logarithm of the mean expenditure at the village

level as an instrument for the logarithm of expenditure at the household level.34 It can

be shown that this gives consistent estimates of the spatial price levels even if both food

expenditure and total expenditure are measured with noise (see appendix C for details).

As shown in the last column in Table 7 and 8, this gives very similar spatial patterns as

in the main specification. We also see from Table 9 that the intertemporal price changes

estimated by the IV-strategy are almost identical to those from the main specification. We

therefore conclude that our findings are not driven by pure noise in reported expenditure.

Figure 4: Semi-parametric analysis of the Engel-relation

Note: The figures display estimates from the Epanechnikov kernel smoother, obtained using a
bandwidth of unity and based on data on households comprising two children and two adults from the
17 major states. We remove the effect of all the covariates, except the logarithm of nominal
expenditure, using the tenth-order optimal differencing weights proposed by Yatchew (2003). For the
purpose of presentation, the figures are constructed after excluding the top and bottom one per cent of
the expenditure distribution in each state and sector.

34The villages usually have 8-10 sampled households. Instruments based on the district level means
give very similar resultants as the ones presented here.
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Table 7: Robustness checks: Spatial prices rural

Engel Engelrp Engelfs Engelfs−eq QEngel Engeliv

(1) (2) (3) (4) (5)

2004–05
Andhra Pradesh 96.8 (2.3) 96.9 (2.3) 99.6 (1.2) 92.2 (2.4) 93.9 (2.9)
Assam 171.2 (5.4) 171.4 (5.4) 183.4 (2.2) 186.7 (9.6) 192.4 (8.5)
Bihar 126.5 (3.5) 126.3 (3.6) 129.5 (1.3) 133.5 (6.0) 137.8 (5.2)
Chhattisgarh 71.0 (3.0) 71.0 (3.0) 76.4 (1.3) 68.1 (3.3) 68.4 (3.7)
Gujarat 109.6 (4.0) 109.7 (4.1) 111.8 (1.7) 104.3 (4.5) 105.7 (4.9)
Haryana 97.9 (6.2) 97.9 (6.2) 98.3 (2.2) 99.3 (5.0) 88.9 (7.2)
Jharkhand 117.0 (4.8) 117.0 (4.8) 116.9 (1.8) 132.8 (9.5) 128.5 (6.7)
Karnataka 82.7 (2.8) 82.7 (2.9) 84.3 (1.1) 78.8 (3.0) 78.6 (3.5)
Kerala 93.5 (3.8) 93.5 (3.9) 89.4 (1.5) 94.2 (3.1) 82.0 (4.7)
Madhya Pradesh 63.8 (2.5) 63.8 (2.5) 59.8 (0.8) 62.7 (2.1) 59.2 (3.0)
Maharashtra 78.6 (2.4) 78.7 (2.4) 71.6 (0.8) 76.6 (2.2) 72.5 (3.0)
Orissa 93.3 (3.5) 93.3 (3.5) 101.6 (1.4) 98.1 (4.5) 98.6 (4.5)
Punjab 88.8 (4.2) 88.7 (4.3) 86.7 (1.6) 89.0 (3.9) 78.2 (5.1)
Rajasthan 100.6 (4.2) 100.6 (4.2) 98.3 (1.4) 97.9 (3.8) 98.4 (5.1)
Tamil Nadu 107.6 (3.4) 107.7 (3.5) 100.6 (1.4) 105.9 (3.5) 107.4 (4.2)
Uttar Pradesh 83.9 (2.7) 83.8 (2.7) 81.3 (0.7) 80.8 (2.3) 80.4 (3.3)
West Bengal 133.1 (3.4) 133.1 (3.4) 139.1 (1.4) 135.5 (4.8) 142.1 (4.8)
All India 100.0 100.0 100.0 100.0 100
CV 0.22 0.22 0.26 0.24 0.27

2009–10
Andhra Pradesh 102.6 (2.9) 102.6 (2.9) 105.0 (1.4) 101.2 (2.8) 100.2 (3.5)
Assam 141.8 (5.6) 141.9 (5.7) 165.8 (2.5) 152.7 (8.2) 157.4 (8.2)
Bihar 117.1 (4.0) 117.0 (4.0) 122.1 (1.4) 122.4 (5.4) 125.4 (5.5)
Chhattisgarh 62.6 (4.4) 62.6 (4.4) 60.5 (1.4) 65.3 (3.4) 57.8 (5.0)
Gujarat 122.5 (5.3) 122.6 (5.3) 117.1 (2.0) 116.1 (5.9) 123.2 (6.7)
Haryana 123.4 (7.9) 123.5 (7.9) 119.0 (2.8) 124.1 (7.0) 119.2 (9.6)
Jharkhand 85.1 (4.2) 85.1 (4.2) 103.1 (1.9) 84.4 (4.5) 86.6 (5.3)
Karnataka 95.3 (3.7) 95.3 (3.7) 86.2 (1.4) 93.3 (4.1) 92.4 (4.5)
Kerala 82.0 (3.7) 82.0 (3.7) 75.8 (1.4) 91.8 (3.2) 68.9 (4.6)
Madhya Pradesh 65.2 (2.8) 65.2 (2.8) 65.1 (1.0) 66.6 (2.5) 60.3 (3.3)
Maharashtra 92.6 (2.8) 92.6 (2.8) 81.7 (1.0) 89.8 (2.7) 87.7 (3.5)
Orissa 91.5 (3.4) 91.5 (3.4) 95.3 (1.5) 94.2 (3.9) 94.9 (4.4)
Punjab 91.9 (5.5) 91.8 (5.5) 95.7 (2.2) 90.2 (4.5) 82.3 (6.4)
Rajasthan 114.4 (5.5) 114.5 (5.5) 103.5 (1.6) 111.2 (5.1) 115.6 (6.8)
Tamil Nadu 88.7 (2.8) 88.8 (2.8) 82.7 (1.3) 85.5 (2.5) 83.6 (3.5)
Uttar Pradesh 87.8 (2.9) 87.8 (2.9) 90.3 (0.9) 85.0 (2.6) 86.5 (3.6)
West Bengal 129.0 (3.7) 128.9 (3.7) 131.4 (1.7) 131.0 (5.1) 139.0 (5.2)
All India 100.0 100.0 100.0 100.0 100
CV 0.21 0.21 0.24 0.22 0.28

Note: The subscript rp denotes relative price controls, fs denotes that the full sample is used in the
estimation, and iv denotes that the instrument variable approach is used. Robust standard errors in
parenthesis. Standard errors for the nonlinear price expressions are computed using the delta method.
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Table 8: Robustness checks: Spatial prices urban

Engel Engelrp Engelfs QEngel Engeliv

(1) (2) (3) (4) (5)

2004–05
Andhra Pradesh 91.1 (2.5) 91.7 (2.5) 89.5 (1.3) 90.0 (2.5) 91.0 (2.2)
Assam 160.5 (8.2) 158.5 (8.1) 150.1 (3.4) 162.7 (9.7) 151.2 (7.1)
Bihar 120.0 (6.7) 121.8 (6.8) 127.9 (2.3) 121.7 (7.4) 113.6 (5.8)
Chhattisgarh 96.8 (5.8) 96.2 (5.7) 84.5 (2.0) 96.5 (6.5) 95.6 (5.2)
Gujarat 113.3 (3.8) 112.7 (3.8) 115.9 (1.6) 112.2 (4.4) 113.6 (3.4)
Haryana 94.0 (4.7) 94.5 (4.7) 92.6 (1.8) 95.0 (5.0) 96.9 (4.4)
Jharkhand 117.5 (7.0) 117.8 (7.0) 132.1 (2.7) 121.0 (7.5) 114.0 (6.2)
Karnataka 89.0 (2.7) 89.5 (2.7) 87.4 (1.3) 87.9 (3.1) 90.7 (2.4)
Kerala 111.1 (5.1) 110.5 (5.1) 101.0 (1.9) 109.2 (4.5) 113.3 (4.6)
Madhya Pradesh 80.7 (2.9) 80.3 (2.9) 77.3 (1.1) 80.3 (3.1) 81.4 (2.6)
Maharashtra 88.4 (2.0) 87.6 (2.0) 90.3 (0.8) 88.8 (2.1) 90.8 (1.9)
Orissa 99.8 (4.8) 100.3 (4.8) 112.5 (2.5) 100.5 (5.0) 96.6 (4.2)
Punjab 92.7 (3.6) 95.1 (3.8) 90.8 (1.4) 93.4 (3.9) 94.9 (3.3)
Rajasthan 96.7 (4.6) 97.7 (4.6) 100.1 (1.6) 97.1 (4.6) 97.6 (4.2)
Tamil Nadu 92.1 (2.3) 90.4 (2.4) 98.0 (1.2) 91.5 (2.2) 92.3 (2.0)
Uttar Pradesh 98.0 (3.3) 98.5 (3.3) 95.4 (1.1) 98.8 (3.3) 97.1 (2.9)
West Bengal 125.0 (4.2) 125.6 (4.3) 121.5 (1.6) 124.2 (4.7) 120.6 (3.7)

All India 100.0 100.0 100.0 100.0 100
CV 0.20 0.21 0.22 0.21 0.19

2009–10
Andhra Pradesh 97.0 (2.9) 98.0 (3.0) 100.3 (1.3) 97.1 (2.6) 98.4 (2.7)
Assam 132.0 (7.9) 129.1 (7.8 ) 129.0 (3.1) 133.4 (8.3) 125.2 (6.8)
Bihar 115.7 (5.8) 117.3 (5.9 ) 110.8 (2.0) 117.8 (6.4) 109.9 (5.0)
Chhattisgarh 67.5 (5.2) 68.1 (5.3) 69.7 (1.9) 70.2 (4.5) 70.2 (5.0)
Gujarat 110.3 (4.4) 108.8 (4.4) 110.9 (1.7) 108.8 (4.7) 110.2 (3.9)
Haryana 114.3 (5.3) 114.6 (5.3) 107.7 (2.1) 114.7 (5.4) 115.4 (4.8)
Jharkhand 113.6 (6.5) 114.3 (6.6) 117.0 (2.7) 116.1 (7.0) 109.7 (5.7)
Karnataka 93.2 (3.5) 94.2 (3.5) 96.7 (1.4) 91.9 (3.4) 93.6 (3.1)
Kerala 100.8 (5.6) 101.5 (5.7) 92.3 (1.8) 100.7 (4.3) 103.6 (5.2)
Madhya Pradesh 72.2 (2.9) 73.0 (3.0) 68.9 (1.0) 72.5 (2.8) 74.2 (2.7)
Maharashtra 98.1 (2.9) 97.6 (2.8) 99.8 (1.0) 98.3 (2.6) 99.7 (2.6)
Orissa 99.4 (6.1) 99.3 (6.1) 101.0 (2.3) 99.4 (5.4) 96.8 (5.3)
Punjab 102.4 (4.1) 104.2 (4.3) 103.1 (1.8) 101.9 (4.6) 103.1 (3.7)
Rajasthan 99.9 (4.8) 99.8 (4.8) 104.5 (1.8) 99.7 (4.7) 100.2 (4.3)
Tamil Nadu 96.3 (2.5) 95.1 (2.6) 94.0 (1.2) 95.9 (2.5) 96.6 (2.3)
Uttar Pradesh 97.4 (3.5) 97.1 (3.5) 95.1 (1.1) 97.1 (3.3) 96.5 (3.1)
West Bengal 113.6 (4.2) 113.6 (4.2) 111.2 (1.4) 114.5 (4.4) 109.0 (3.7)

All India 100.0 100.0 100.0 100.0 100
CV 0.18 0.18 0.19 0.18 0.16

Note: The standard errors for the nonlinear price expressions depend, among other things, on the
covariance between the b-coefficient and the dummy coefficients. This covariance is stronger when we
use the instrument variable approach, which is the main reason for why the standard errors in Column
(5) are smaller than those in Column (1).
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Table 9: All-India intertemporal prices

Rural Urban
Engel

Engel 161.4 (2.4) 160.6 (2.2)
Engelrp 161.5 (2.7) 158.1 (2.4)
Engelfs 155.6 (0.8) 159.3 (0.9)
Engelsbs 161.3 (2.7) 161.9 (2.4)
QEngel 159.1 (2.4) 160.7 (2.2)
Engeliv 161.1 (3.0) 161.2 (2.0)

UV (IPC) 150.6 150.3
CPI∗ 155.0 145.1

Note: sbs denotes the state-by-state analysis. Robust standard errors in parenthesis. * The CPIAL and
CPIIW are used for the rural and urban sectors, respectively.
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7 Conclusion

In this paper, we have proposed a method for poverty comparisons in which price levels

and poverty lines are estimated based on the behavioral assumption that equally poor

households spend the same proportion of their incomes on food. This approach, based

on the estimation of Engel curves for food, has been used in several contexts to correct

for biases in prices. We apply it for the first time in estimating both spatial and inter-

temporal variation in prices and corresponding poverty counts.

Our poverty estimates differ in significant ways from those published by the Indian Plan-

ning Commission. We find much higher spatial variation in prices and poverty across

Indian states. The divergence from official poverty rates follows a specific regional pat-

tern. Poverty in the rural areas of the eastern states of Assam, Bihar, Odisha and West

Bengal is consistently higher than official figures and exceeds 50 per cent in both survey

years. We also find that the decrease in overall poverty over our five-year period is much

more modest than suggested by official statistics. All these findings are robust to a variety

of robustness checks.

Given these different estimates, it is particularly important to ask whether one set is more

credible than the other. The methods we use to examine the validity of our estimates

are an important methodological and empirical contribution of our paper. Our most

important validation check is to study the consumption behavior of households in a narrow

band around our state poverty lines. We find that these households consume similar

shares of their calories from different groups, suggesting that they have the same real

income, even though their nominal income varies because prices differ across states. This

is reassuring for our price estimates. Given the other advantages of our approach, namely

its theoretical under-pinnings and relatively weak demands on data, we feel confident that

it offers new possibilities for the better measurement of poverty and provides a benchmark

against which to evaluate alternative methods.
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Appendix A Calorie consumption

Table 10 displays All-India prices per 1000 calorie for some aggregated food groups. We

derive these measures by computing a weighted average over the items in each group,

using average budget shares as weights.

Figure 5 shows the proportion of all calories consumed obtained from cereals (black lines)

and edible oils & fats (grey lines), separately for each sector and time period, for all states

used in the calorie analysis in Section 5.

Figure 6 presents graphs based on a semi-parametric analysis which further explores this

idea of similar calorie shares among the poor. In this case, we first remove any effects on

the cereal-calorie shares from a set of covariates which may influence calorie patterns for

equally poor households. This is done by differencing. The covariates include household

demographics, occupation, the number of meals taken outside the home (for which we do

not observe the calorie content) and an indicator for whether the household gets more than

50 per cent of its calories through the Public Distribution System (PDS), a government

program for distributing subsidized food grains. We also construct an index to capture

regional variation in prices per calorie for cereals relative to other food items.35 We then

plot the residual cereal-calorie shares against the logarithm of nominal expenditures. As

before, we find no systematic differences across households close to our estimated poverty

lines while this is not true of those close to either of the official poverty lines.

The bottom panel of the figure displays the outcomes from a similar exercise using the

oil-calorie shares.

35We do this using the weighted country-product-dummy method (WCPD) due to Rao (1990). This
is the same procedure as we use to construct the relative food/non-food price index in Section 6 and is
explained in more detail in Appendix B.
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Table 10: Prices per 1000 calorie (rupees)

Rural Rural
2004-05 2009-10 2004-05 2009-10

Cereals and substitutes 3.1 5.0 3.7 6.4
Roots and tubers 12.8 24.0 15.0 26.7
Sugar and honey 9.5 15.4 12.5 18.2
Pulses and nuts and oilseeds 9.5 19.5 14.1 22.3
Vegetables and fruits 34.7 64.1 43.2 76.5
Meat, eggs and fish 58.8 104.9 68.4 111.9
Milk and milk products 21.2 31.4 24.0 32.4
Oils and fats 8.5 11.7 8.3 11.4
Misc. food, food products and beverages 39.2 58.0 40.0 61.0

Figure 5: Calorie shares and the log of nominal expenditure

Note: The figures display estimates from the Epanechnikov kernel smoother, using a
bandwidth of 0.4.
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Figure 6: Calorie shares and nominal expenditure levels
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Note: The graphs in the figure display estimates from the semi-parametric analysis. The effect of the
covariates is removed using the tenth-order optimal differencing weights proposed by Yatchew (2003).
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Appendix B Relative food and non-food prices

We calculate unit values at the household level by dividing expenditure by quantity for

each consumption item. The 61st NSS survey round provides information on quantities

and values for 187 goods. Eleven of these items are found to be of insignificant value and

are excluded in the Planning Commission methodology.36 We exclude the same eleven

items. To derive a comparable set of unit value items for the two survey rounds, we

make additional adjustments. Items that appear in the questionnaires from the 66th

round but not in those from the 61st are either excluded or aggregated with a relevant

item. Items without readily available quantities in either of the two rounds, or items

with non-comparable unit measures, are excluded.37 Furthermore, following the official

methodology, we aggregate PDS items with the relevant non-PDS items before calculating

unit values.38

Given the set of household estimates we compute median unit values within each NSS

district, separately for rural and urban areas and for each survey round. We then proceed

by aggregating these medians into a food and a non-food price index using the weighted

country-product-dummy method (WCPD) of Rao (1990). As there is no guarantee that

every item is consumed in every district we choose this method that allows, and fills in for,

missing observations. We obtain the aggregated indices by running the follow weighted

regression for food items and non-food items separately:

ln (median uvi,dst) =
∑
i

biDi +
∑
d

∑
s

∑
t

αdstDdst, (9)

where ln median uvi,dst is the median unit value for each good i, Di is a dummy variable

for every item i, and Ddst is a set of dummy variables for each district d, state s and

time period t. As weights in the regression we use the item-wise average budget shares.39

36These are khoi, barley, singara, berries, misri, ice, katha, snuff, cheroot, ganja and cotton.
37Ice cream, other milk products and other intoxicants are excluded because of missing quantities in

NSS66. Dhoti and sari are excluded because of non-comparable units (meters in NSS61 and numbers
in NSS66). Soya beans are excluded from NSS61 because of their exclusion from NSS66. Petrol and
diesel are excluded from NSS66 because of their exclusion from NSS61. Supari and lime are aggregated
into other ingredients for pan in NSS61 because of their exclusion from NSS66. Second-hand footwear is
aggregated into other footwear, and cooked meals received as assistance or payment are aggregated into
cooked meals purchased in NSS66.

38This applies for rice, wheat, sugar and kerosene.
39We normalize these budget shares such that the sum of the covered items equals unity.
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Finally, the aggregate food and non-food price estimates for each district are found directly

from the dummy coefficients as:

Pdst = eαdst . (10)

This gives us two district-specific price indices. We derive the relative food/non-food

index by dividing the food index by the non-food index. Finally, we normalize these

relative price indices such that the population weighted all-India value equals unity in

both rural and urban sectors in 2004–05.

Summary statistics are shown in Table 11. Due to space considerations, we only report

the average values for the major states. The table suggests that there are relatively

large differences in relative food/non-food prices across Indian states. It can also be seen

that the food unit values generally increased by more than the non-food unit values did

during the five-year period from 2004–05 to 2009–10. The relative price index increased

by roughly 15 per cent in the rural sector, and by 12 per cent in the urban sector. For

comparison, the corresponding ratios increased by 21 per cent and 17 per cent in the

CPIAL (rural) and CPIIW (urban) indices, respectively.40

40These figures are obtained by comparing the food component with the non-food component in the
two price indices.
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Table 11: Relative food and non-food prices

Rural Urban
2004–05 2009–10 2004–05 2009–10

Andhra Pradesh 1.04 (0.12) 1.11 (0.12) 0.96 (0.11) 1.04 (0.11)
Assam 1.09 (0.11) 1.29 (0.10) 1.11 (0.13) 1.29 (0.14)
Bihar 0.89 (0.12) 1.07 (0.09) 0.90 (0.10) 1.01 (0.11)
Chhattisgarh 1.05 (0.06) 1.11 (0.20) 1.05 (0.08) 1.02 (0.14)
Gujarat 1.12 (0.12) 1.29 (0.15) 1.03 (0.10) 1.22 (0.12)
Haryana 0.99 (0.11) 1.17 (0.12) 0.94 (0.11) 1.11 (0.13)
Jharkhand 1.02 (0.10) 1.15 (0.09) 1.02 (0.15) 1.01 (0.10)
Karnataka 0.93 (0.07) 1.06 (0.13) 0.96 (0.07) 1.01 (0.12)
Kerala 1.07 (0.12) 1.15 (0.10) 1.01 (0.09) 1.06 (0.10)
Madhya Pradesh 1.01 (0.12) 1.12 (0.17) 1.04 (0.13) 1.04 (0.13)
Maharashtra 1.11 (0.15) 1.23 (0.18) 1.07 (0.12) 1.19 (0.12)
Odisha 0.98 (0.10) 1.23 (0.20) 0.97 (0.09) 1.12 (0.10)
Punjab 0.83 (0.10) 1.03 (0.16) 0.84 (0.09) 1.01 (0.16)
Rajasthan 0.95 (0.15) 1.24 (0.14) 0.93 (0.12) 1.12 (0.12)
Tamil Nadu 1.17 (0.11) 1.21 (0.10) 1.13 (0.09) 1.24 (0.12)
Uttar Pradesh 0.96 (0.10) 1.13 (0.11) 0.96 (0.13) 1.16 (0.15)
West Bengal 0.96 (0.07) 1.11 (0.10) 0.95 (0.05) 1.15 (0.08)
All India 1.00 (0.14) 1.15 (0.15) 1.00 (0.13) 1.12 (0.15)

Note: All values given are population-weighted state averages, obtained using the multipliers from the
NSS data. The weighted all-India average for 2004–05 is normalized to unity for the rural and urban
sectors separately. The standard deviations clustered at the district level are shown in brackets.
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Appendix C Group averages (not for publication)

Let F ∗ denote true food expenditures and Y ∗ denote total expenditures, and y∗ = logY ∗.

The economic model is:41 (
F ∗

Y ∗

)
i

= a+ by∗i + dDi + ε∗i , (11)

where ε∗ is a structural shock or omitted variable which is independent of y∗.

A potential problem is that both food expenditure and total expenditure may be measured

with noise. Let us assume that the measurement errors are multiplicative so that we

observe: Fi = eµ
F
i F ∗i and Yi = eµ

Y
i Y ∗i , where µx is some measurement error on x (which

is independent of x∗ and E(x) = 0).

Let’s then consider the relationship estimated by 2-SLS:
(
F
Y

)
i

= a+ byi + dDi + εi, where

we use Z, the group mean value of y, as an instrument for y. Then the following moment

conditions will hold:

1

N

∑
i

(Zi − Z)

((
F

Y

)
i

− â− b̂yi − d̂Di

)
= 0 (12)

1

N

∑
i

(Di −D)

((
F

Y

)
i

− â− b̂yi − d̂Di

)
= 0 (13)

1

N

∑
i

((
F

Y

)
i

− â− b̂yi − d̂Di

)
= 0 (14)

We can solve the last condition for â and insert into the two other moment conditions,

which gives:

b̂ =

∑
i(Zi − Z)(

(
F
Y

)
i
−
(
F
Y

)
)
∑

i(Di −D)(Di −D)−
∑

i(Di −D)(
(
F
Y

)
i
−
(
F
Y

)
)
∑

i(Di −D)(Zi − Z)∑
i(Zi − Z)(yi − y)

∑
i(Di −D)(Di −D)−

∑
i(Di −D)(yi − y)

∑
i(Di −D)(Zi − Z)

(15)

d̂ =

∑
i(Di −D)(

(
F
Y

)
i
−
(
F
Y

)
)
∑

i(yi − y)(Zi − Z)−
∑

i(Di −D)(yi − y)
∑

i(
(
F
Y

)
i
−
(
F
Y

)
)(Zi − Z)∑

i(Zi − Z)(yi − y)
∑

i(Di −D)(Di −D)−
∑

i(Di −D)(yi − y)
∑

i(Di −D)(Zi − Z)
.

(16)

To investigate whether our prices are consistent when instrumenting, we need to calculate

41For illustrational purposes we only consider one dummy variable and no other explanatory variables.
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the probability limit of the price expression:

plimN→+ infP = e
−plimN→+ inf

(
d̂

b̂

)
= e−

cov(F/Y,D)cov(y,Z)−cov(F/Y,Z)cov(y,D)
cov(F/Y,Z)var(D)−cov(F/Y,D)cov(Z,D)

= e
− cov(e

µF−µY F∗/Y ∗,D)cov(y,Z)−cov(eµF−µY F∗/Y ∗,Z)cov(y,D)

cov(eµF−µY F∗/Y ∗,Z)var(D)−cov(eµF−µY F∗/Y ∗,D)cov(Z,D)

= e
− cov(D,e

µF−µY (a+by∗+dD+ε∗))cov(y,Z)−cov(Z,eµ
F−µY (a+by∗+dD+ε∗))cov(y,D)

cov(Z,eµ
F−µY (a+by∗+dD+ε∗))var(D)−cov(D,eµF−µY (a+by∗+dD+ε∗))cov(Z,D) .

(17)

Now, assuming that µF , µY and ε∗ are independent of Z and D, this boils down to:

plimN→+ infP = e
− bE(eµF−µY )(cov(y,Z)cov(y∗,D)−cov(y∗,Z)cov(y,D))+dE(eµF−µY )(var(D)cov(y,Z)−cov(Z,D)cov(y,D))

bE(eµF−µY )(var(D)cov(y∗,Z)−cov(Z,D)cov(y∗,D))

= e
− dE(eµF−µY )(var(D)cov(y∗+µY ,Z)−cov(Z,D)cov(y∗+µY ,D))

bE(eµF−µY )(var(D)cov(y∗,Z)−cov(Z,D)cov(y∗,D)) = e−
d
b , (18)

which is equal to the true price level in our model.
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