Rising returns to education have increased wage inequality in many developing countries, but their impact on inequality between households is less clear. This study asks how education contributed to household inequality in India during the period 1993-2004, using a regression based decomposition method. We find that rising returns to education of employees did not increase household inequality, because many household heads are self-employed. Instead, rising inequality in education contributed to higher inequality, partly because fertility declined more slowly among illiterates. These new insights into the education-inequality relationship in India underline the importance of householdlevel analysis to complement earnings inequality research.

Introduction

Inequality is rising in many developing countries, but the determinants of changes in inequality are not well understood. There is abundant evidence from existing studies that education is a key aspect of earnings inequality dynamics in developed and developing countries (for example, Zhu and Trefler, 2005;[START_REF] Goldberg | Distributional effects of globalization in developing countries[END_REF]. Due to skill-biased technical change and international trade demand for high-skilled labour is growing faster than supply, raising the returns to education.

But do rising returns to education also translate into higher household inequality? Households are more relevant from a welfare perspective than individuals: resources are, at least to some extent, shared among household members. As such, household inequality measures are more representative of a country's inequality situation and an important characteristic of the development process. 1 Household income or expenditure inequality differs from individual earnings inequality in level as well as changes. For developing countries one may think of two main reasons why education is related differently to household inequality than to earnings inequality. 

Inequality in India

Data on household income is not available in India, so Indian inequality measures are based on consumption expenditure data, collected through nationally representative surveys by the National Sample Survey Organisation (NSSO). In a recent paper, Datt and Ravallion (2009: Table 2) show that consumption inequality in India increased significantly after major reforms started in 1991: the trend changed from negative to positive in rural India and from zero to positive in urban India. The present paper is based on survey data for 1993-1994 and 2004-2005. 2 Table 1 shows the Gini coefficient and Theil index for inequality in monthly per capita expenditure 3 (henceforth MPCE) in these years: both measures show an increase in rural and urban inequality. [START_REF] Dhongde | Measuring the impact of growth and income distribution on poverty in India[END_REF] shows that, although growth reduced poverty in the 1980s and especially after the reforms in the 1990s, the increase in inequality in the post-reform period adversely affected the poor.

As opposed to household inequality, the distribution of earnings in India has been studied extensively. [START_REF] Chamarbagwala | Economic liberalization and wage inequality in India[END_REF] finds that during 1983-1999, relative demand shifted to more high-skilled workers especially in the service sector, causing a considerable increase in the wage gap between high-and low-educated workers. [START_REF] Dutta | Returns to education: New evidence for India, 1983-1999[END_REF] also finds evidence for a widening wage gap between graduate and primary education (for regular salaried employees), contributing to the rise in wage inequality in the 1990s. [START_REF] Kijima | Why did wage inequality increase? Evidence from urban India 1983-99[END_REF] considers changes in both the returns to education and in educational attainment of male urban fulltime workers. She finds that during 1993-1999, earnings inequality increased due to rising returns to higher education caused by within-industry demand shifts.

There seems to be no doubt that the wage gap between low-and high-skilled employees in India has grown, in line with the experience of many other countries. Due to data limitations, however, analyses of the earnings distribution include only wage workers, while about 40 per cent of the urban labour force and 55 per cent of the rural labour force is self-employed. 4 Apart from [START_REF] Kijima | Why did wage inequality increase? Evidence from urban India 1983-99[END_REF], not much attention is paid to the distributive effect of changing educational endowments in India. With over 30 per cent of the adult population illiterate, India has a very unequal distribution of education and much scope for improvement. According to [START_REF] Kochhar | India's pattern of development: what happened, what follows[END_REF] and [START_REF] Mazumdar | Globalization, Labour Markets and Inequality in India[END_REF] government policies have been biased towards higher education, devoting insufficient resources to improving and expanding lower education. The government of India realises that investment in higher education is necessary to enable further growth, while expanding basic education is necessary to reduce inequality (Government of India, 2008). From a policy perspective, therefore, it is also important to know to what extent educational endowment changes affect household inequality.

The distribution of education in 1993 and 2004 is summarised in table 2. Educational attainment is substantially higher in urban than in rural India and higher for males than for females. During this period schooling levels have increased, though the share of illiterate adults remains high. As suggested by [START_REF] Ram | Can educational expansion reduce income inequality in less-developed countries?[END_REF], the increased schooling of women may lead to a reduction in fertility. Education of women is generally negatively related to fertility, because desired family size declines and the ability to achieve the planned number of children improves with education. Between 1981 and 1991, women's education and child mortality were the most important factors explaining [START_REF] Drèze | Fertility, education, and development: evidence from India[END_REF]. Since household expenditure is measured on a per capita basis and children typically do not generate income for the household, fewer children are associated with higher per capita expenditure. Changes in the average level and distribution of education among women could therefore affect household inequality indirectly through changes in fertility. The NSSO data show that during 1993-2004 there was a decline in the average number of children per household, especially in urban India (table 3). In both years, beyond the level 'Below primary', higher educational attainment of women is indeed associated with a lower number of children. The following decomposition analysis will quantify how changes in returns to education, in educational attainment, and education-induced changes in fertility have contributed to household expenditure inequality in rural and urban India.

Method and Application

After discussing the decomposition framework and some India-specific considerations in section 3.1, the empirical strategy is explained in more detail in section 3.2 Bourguignon et al. (2005) and [START_REF] Bourguignon | Beyond Oaxaca-Blinder: Accounting for differences in household income distributions[END_REF] develop a microeconometric decomposition of changes in the household income distribution that is designed to analyse household income inequality. The method is a generalization of the decomposition developed by [START_REF] Oaxaca | Male-female wage differentials in urban labour markets[END_REF] and [START_REF] Blinder | Wage discrimination: Reduced form and structural estimates[END_REF], who separate inequality of mean income between groups into differences in characteristics, differences in returns to characteristics, and differences in unobserved factors. Using micro-economic data, the decomposition can be applied to the entire distribution of income, rather than their means. As opposed to decomposition methods of [START_REF] Dinardo | Labour market institutions and the distribution of wages, 1973-1992: a semiparametric approach[END_REF] and [START_REF] Juhn | Wage inequality and the rise in return to skill[END_REF], the level of analysis in the Bourguignon-method is the household rather than the individual, while individuals' characteristics are accounted for.

Decomposing changes in household inequality

To decompose changes in inequality into endowment effects (the effect of changes in the distribution of household characteristics) and price effects (the effect of changes in the returns to these characteristics), distributional counterfactuals are constructed. Let ) ( y f t be the distribution of MPCE in year t. X is a vector of household characteristics and ) (X t χ is the joint distribution of all elements of X in year t. Denoting ) ( X y g t , the distribution of income conditional on X, the marginal distribution of MPCE in year t can be expressed as:
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The change in the distribution of MPCE between two years is thus a function of the change in ) ( X y g (price effects) and the change in

) (X χ (endowment effects).
The empirical equations are explained below, but for now note that expenditure of household h in year t, y ht , is a function of the vector X ht of household characteristics. Further, y ht depends on the vector β t of parameters reflecting the returns to those characteristics, on the vector ε ht of unobservable characteristics, the vector γ t of parameters reflecting educational attainment, and vector θ t of parameters reflecting fertility choices.
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A change in household income, due to a change in one or some of the components of Eqn. 
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The contribution of the change in β to the total change in the income distribution (the so-called price effect) is then simply
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The same analogy applies to the other components of Eqn. 2. Since the entire distribution is simulated, the difference can be evaluated based on any measure of inequality.

Although the decomposition compares separate cross-sections, rather than following households within a panel dataset, the data requirements for this method are high. Ideally, one has individual earnings data and characteristics such as age and education, as well as household level non-earnings income and characteristics such as household size and composition. For India, there is no dataset combining individual level earnings and employment details with household level income. 5 Due to these data restrictions, inequality and poverty analyses for India are always based on the consumer expenditure survey. This survey offers a reliable measure of welfare (Monthly Per Capita Expenditure: MPCE), but no individual employment and earnings details. 6 Fortunately, the consumer expenditure survey does report individuals' level of educational attainment, age, and gender, and principal employment status, industry, and occupation of the household head.

A consequence of using the consumer expenditure survey is that individual earnings cannot be estimated. We therefore measure the 'returns to education' by the coefficients of education level dummies in a regression of per capita expenditure. For heads of households, who are mostly male and in the labour force, and for whom we control for employment status, industry, and occupation, this estimate will closely reflect the labour market returns to education. For other household members the estimates also measure the effect of education on, for example, labour force participation and hours worked. For completeness, the education level of the spouse and other household members is separately controlled for in the analysis, but the discussion is focused on the household head. First of all, MPCE is regressed on household characteristics, separately for rural and urban households:
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where the vector X ht is specified in Appendix 
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where i is the individual, k(=1,…,6) is the highest education level completed, and F is the standard normal cumulative distribution function. The cut-off values α kt are estimated along with the regression parameters γ t . The vector X it -EF includes gender, age (in linear splines), social group, religion, and state. Number of children is not included in this vector because education is itself an explanatory variable in the model for number of children. The estimated cut-off values in α and coefficients in γ are used to simulate educational attainment and calculate the endowment effects of education.

For the number of children, x F , an ordered probit model is estimated at the household level, separately for rural and urban areas: Next, to obtain the price effect of education, a counterfactual distribution is constructed using 1993-94 as the base year t=0, and 2004-05 as year t=1. For each year, the vector of coefficients β ˆ in Eqn. 5 is estimated, and residuals are stored inεˆ. Next, in the base-year vector 0 β , the coefficients for all education dummies are replaced by their counterparts from the end-year vector 1 β . The resulting vector is sim β ˆ. Finally, the value of MPCE is simulated for each household using base-year characteristics and unobservables:
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The distribution of simulated MPCE is the so-called counterfactual distribution. The difference between the base-year distribution and the counterfactual distribution is the contribution of the price effect of education. The price effects of other variables are calculated as well, in order to assess the relative importance of education.

To find the endowment effect of education on the expenditure distribution, a counterfactual distribution is obtained by changing educational attainment in X ht in Eqn. 5. The educational attainment of individuals in the base-year sample is 'updated' by simulation, based on the distribution of education conditional on individual characteristics. First, after estimating Eqn. 6, the base-year vector of characteristics X i0 -EF is multiplied by the end-year coefficient vector 1 γ . Combined with the end-year cut-off values 1 , ˆk α , a simulated level of education is obtained for each individual. The simulated level of educational attainment replaces the original value in the base-year vector of characteristics X h0 , which becomes X h,sim . A simulated value of MPCE for each household is obtained using base-year returns to characteristics and unobservables: 
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Estimation Results

Before turning to the decomposition results in section 5, the estimation results of the three empirical equations are presented. For the consumption equation, the discussion is focused on the returns to education of the household head, in section 4.1. Then the results for education level and fertility estimation are briefly described in section 4.2.

Returns to Education

Returns to education of the household head are estimated in the regression of household per capita expenditure, as described in Section 3. Figure 1 plots the coefficient estimates for five education level dummies (illiterate is the reference category) in rural and urban India in 1993 and 2004. Both rural and urban returns to education declined during this period: differences in expenditure between households with high-and low-educated heads narrowed. As opposed to existing evidence that returns to education have increased for employees, our estimation results suggest they have not increased among all rural or urban heads of households. This is a first indication that returns to education of household heads have not contributed to greater household inequality. 

Education and fertility

The models for education and fertility in this analysis are used to obtain information on their conditional distributions, to be able to simulate endowment changes. Because education and number of children are explanatory variables in the MPCE equation, consumption expenditure itself is not included as explanatory variable in either the education or the fertility model. For this reason, these models cannot be regarded as proper economic models (see Bourguignon et al. (2005) for more discussion). Nevertheless, a short discussion of the estimation results is appropriate.

In total, 12 ordered probit models of educational attainment are estimated: one for each year for rural and urban India, and for the head, spouse, and other household members separately. The results for household head and spouse are summarised in the online appendix tables 2 and 3. All results show that females have lower education than males, as do individuals belonging to a backward social group (scheduled caste or tribe), though the disadvantage of scheduled caste members declined between 1993 and 2004. Also, Muslims have on average lower education than Hindus, while Christians and other non-Hindus have significantly higher education levels.

The results for number of children are summarised in the online appendix table 4. These show that higher education of women is associated with fewer children in the household. At higher levels of average fertility rates will fall more at higher levels of education, which could increase inequality.

Decomposition Results

In the decomposition analysis the price effects of all characteristics and the endowment effect of education (with and without the indirect effect through changes in the number of children) are

simulated. An important note here is that the total change in the distribution cannot be decomposed additively into the changes of the components in Eqn. 2. Still, the size and direction of the price and endowment effects can be compared to one another and to the total change in inequality, in order to determine the relative importance of each.

Another issue is that the results depend on which year is chosen as base-year. The base-year determines, for example, at which distribution of characteristics (X h ) the price effect (the change in β)

is evaluated. For the price effect,
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which applies to all components. In other words, the contribution to inequality made by one specific component is sensitive to the order in which the components are analysed, which is a problem of path dependency. We therefore report results for two decomposition paths and their average. 7 The first path uses 1993 as base-year, measuring the contribution of each component when it is first in the decomposition path. The second path uses 2004 as base-year, measuring the contribution of each component when it is last in the decomposition path. The distributions are summarised using the Gini coefficient, but the log deviation and Theil index give very similar results.

The first three rows in All price effects combined ("Total") account for almost one third of the total increase in rural inequality and more than half of the increase in urban inequality. However, the price effect of education of the household head is negative. That is, changing returns to household heads' education contributed to a decline of household inequality in both rural and urban India, a result that is further discussed below. The total of all price effects is positive due to price effects of other characteristics, notably location (state) of the household in rural India, and education of the spouse in urban India.

The endowment effect of education ("Education all") is positive in both rural and urban India, which means changes in education levels account for an increase in inequality. 8 The effect on urban inequality is small, but for rural inequality it is almost as large as all price effects combined. To better understand the endowment effect, a mobility matrix is constructed comparing base-year and simulated education levels. The simulation shows the education level a person from the 1993-sample would have given his or her age, gender, social group, religion, and location. An example is given below in table 5 for the education of spouses in rural India. As this matrix shows, most progress in terms of educational attainment is made by individuals who are literate and completed up to middle school (levels 2, 3, and 4). This pattern appears in all simulations; for rural and urban heads, spouses, and other members. On average, relatively little progress is made by the group of illiterates, which explains why the direct endowment effect of education was inequality-increasing. The distributional impact shows up most clearly in rural India and for spouses, as the share of illiterates is largest in rural India and among women. These results illustrate the scope for improvement in the distribution of education and household expenditure, by focusing more on expanding schooling for the lowest class.

Finally, the effect of changes in the number of children (due to changes in women's education) is added to the direct endowment effect of education, which is shown in the bottom row of table 4 ("Educ. all + children"). The indirect effect increases rural inequality further, but is equalising in urban India. Among rural households, those with higher initial expenditure level have a higher increase in the average female education level. Consequently, the decline in the number of children is larger for initially richer households, which is why inequality rises. In urban India, average female education increases most in the bottom half of the initial expenditure distribution. Among urban households, therefore, the number of children declines more in households with lower initial expenditure, reducing inequality. All in all, the price effect of education is equalising in rural India, while the endowment effect of education accounts for a large part of the increase in inequality. Changing educational attainment has a direct and indirect effect on rural inequality, by 'leaving behind' the illiterates, who then also have smaller reductions in fertility. The price effect of education contributes to higher inequality in urban India, due to education of spouses, while the endowment effect is close to zero. Given the existing evidence for increasing returns to education among employees, the equalising price effect of household head's education in both rural and urban India warrants further discussion.

Returns to education: employees versus self-employed household heads

Although several studies have shown that earnings inequality increased in the 1990s due to rising returns to education, our results suggest that with respect to household consumption expenditure, differences attributable to household heads' education have actually narrowed. As discussed in the introduction, this may reflect the relationship between education and other sources of income. In particular, 40 tot 50 per cent of the household heads is self-employed, but little is known about their returns to education, because no income or earnings data are available for this group.

To test whether self-employment income drives our results, the decomposition analysis has been repeated separately for "employee" and "non-employee" households. For urban employee households (head is a regular or casual employee) the price effect of the head's education is indeed positive, so rising returns to education have increased inequality among these household. However, the effect is strongly negative for the non-employee households (head is self-employed or other), among which inequality associated with the head's education level declined. Since this decline is relatively large, the overall price effect of the head's education is equalising in urban India.

In rural India the price effect is negative for both employee and non-employee households.

Regarding previous earnings studies, [START_REF] Kijima | Why did wage inequality increase? Evidence from urban India 1983-99[END_REF] analyses only male urban fulltime workers, and studies that include both rural and urban workers do not estimate the returns to education for each group separately [START_REF] Chamarbagwala | Economic liberalization and wage inequality in India[END_REF][START_REF] Dutta | Returns to education: New evidence for India, 1983-1999[END_REF]. Since their samples are dominated by male urban workers, these are likely to drive the results, and it is unclear how wage-returns to education changed among rural workers. Our results suggest that the returns to education have increased neither for employees nor for self-employed workers in rural India.

Summary and conclusions

From the large body of research on earnings inequality we know that rising returns to education have led to higher earnings inequality in many countries, including developing countries. For household inequality, however, the role of education is less clear. In this paper we examine the relationship between education and household inequality dynamics in India over the period [1993][1994][1995][1996][1997][1998][1999][2000][2001][2002][2003][2004]. A microeconometric decomposition of inequality changes shows the distributive effects of changes in returns to education, changes in educational attainment, and the indirect effect of the latter through fertility.

The decomposition results indicate that changes in the returns to education of household heads reduced rural and urban household expenditure inequality. This finding is important given that previous research has shown that the main cause for higher earnings inequality after 1993 is an increase in the returns to education [START_REF] Chamarbagwala | Economic liberalization and wage inequality in India[END_REF][START_REF] Dutta | Returns to education: New evidence for India, 1983-1999[END_REF][START_REF] Kijima | Why did wage inequality increase? Evidence from urban India 1983-99[END_REF]. We find that our results are different because we include self-employed household heads in our sample: the returns to education of the head only increase inequality among urban employee-headed-households, while they decline for non-employee-headed urban households and rural households. Taking into account non-employees thus appears to be crucial when studying the link between education and household inequality change.

Contrary to the household head, the returns to spouse's education increased urban inequality.

Since the data we use contain no employment or earnings details for spouses, and their labour force participation rate is rather low, it is hard to interpret this finding at present. More research is needed to understand the role of women's returns to education in household inequality dynamics.

The final main result is that changes in educational attainment increased rural inequality. Other studies have found that a distribution-neutral increase in average educational attainment can increase inequality (see Bourguignon et al., 2005) due to the convex relationship between education and earnings. The present study of India shows a more alarming picture, namely, that rising educational attainment increased household inequality because the inequality of education itself increased. The simulation results indicate that educational attainment is only slowly improving for the large group of illiterate adults, and much faster for literates with some education. This also increases inequality indirectly, through fertility reductions. The impact on urban inequality is almost zero, because the share of illiterate adults is lower in urban India. Still, urban educational expansion is unequal as well, and there is much scope for improvement in rural and urban India alike. To reduce household consumption inequality, and inequality of education itself, stimulating literacy is essential.

In general, this study shows that household-level inequality analysis provides new insights in addition to the abundant existing results from the earnings literature. Research on individual earnings inequality, therefore, needs to be complemented by further analysis at the household level to gain deeper insight into the dynamics of education and inequality. Especially the returns to education outside wage-employment and the role of women's education are important topics for further research.

Notes

1 For a discussion, see Atkinson and Bourguignon (2000: 34). 2 Henceforth 1993 and 2004. These 'thick' survey rounds use the same reference period, whereas the survey in 1999-2000 used mixed reference periods. It is by now well-established that this affected measures of poverty and inequality, so the 1999-2000 measures are not comparable (see [START_REF] Deaton | Poverty and inequality in India: a re-examination[END_REF]. 3 In constant prices and spatially deflated, based on the price indexes by [START_REF] Deaton | Prices and poverty in India, 1987-2000[END_REF] for 1987-1999 and the official Consumer Price Index for Agricultural Labour and Consumer Price Index for Industrial Workers for 1999-2004. Deaton's indexes are more carefully calculated than the official national price indexes, but are only available at the state level until 1999. 4 Based on a survey of street vendors in Delhi in 1995, Dasgupta (2003) shows there is no relationship between earnings and education among these self-employed workers. 5 The National Sample Survey on employment and unemployment (the usual source of earnings data in India) does not record earnings for self-employed workers or total household income. 6 Until 1993-94 the employment and the consumer expenditure survey were collected from the same sample of households. For more recent years, the surveys are taken from two separate samples. Per capita expenditure is now recorded in the employment survey based on a limited list of items: the resulting expenditure measure in 2004-05 is not comparable to the 1993-94 measure or to the consumer expenditure survey in 2004-05. The employment survey can therefore not be used for analyses of expenditure inequality dynamics. 7 Devicienti (2009) shows that each component's Shapley-value can be calculated as the average of its contribution to inequality across all possible decomposition paths. However, since we look at 19 educational attainment of the household head, spouse, and other members separately, as well as the indirect fertility effect, the number of different possible decomposition paths is large, and calculating the Shapley-value would be a cumbersome exercise. Results are therefore reported for the two "extreme" decompositions paths and their average. 8 The urban results are quite different between the two decomposition paths: this is due to differences in prices at which the endowment changes are evaluated, and differences in the distribution of other household characteristics. 

  Indian states and over time

  All data are obtained from the NSSO Consumer Expenditure surveys of1993-94 and 2004-05, and are in 1993-94 constant prices and spatially deflated. To measure the price and endowment effects on the distribution of MPCE, parameters β, γ, and θ, and the residuals ε need to be estimated. This section gives the three empirical equations and describes in more detail how the price and endowment effects of education are obtained.

  of children m=1,…,12 and F is again the standard normal cumulative distribution function. The vector X ht -F includes gender and age of the head, number of adult females, average age of adult females in linear splines, average education of adult females, social group, religion, and state. Since the data do not allow us to identify which children belong to which mother, age and education are averaged over all adult females (20 years or older) in the household. The estimated cut-off values in α and coefficients in θ are used to simulate changes in the number of children in order to calculate the indirect endowment effect of women's education.

  include the indirect effect of education through fertility changes, the number of children is also updated for each household, based on estimation of Eqn. 7. First, the simulated level of educational attainment is used to replace the original values in X h0 -F. The simulation vector of characteristics X h,sim -F is used to obtain a simulated number of children, with the base-year coefficients 0 θ and cut-off values 0 , ˆm α . Then, both simulated education and simulated number of children replace their original values in the base-year vector of characteristics X h0 in Eqn. 5, and again a simulated value of MPCE is found for each household,

Figure 1 :

 1 Figure 1: Returns to education of household head (a) Rural (b) Urban

  relationship is stronger. This could indicate that as female education levels rise,

  she were in the 2004-sample (or the other way around, depending on the choice of base-year),
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Table 1 :

 1 Inequality of Monthly per Capita Expenditure

			Rural	Urban
	Year	Gini	Theil	Gini	Theil
	1993	29.4	18.0	35.4	24.8
	2004	30.7	20.8	37.4	28.1

Note: Figures based on 17 major states plus urban Delhi. Source: NSSO Consumer Expenditure survey

Table 2 :

 2 Educational attainment in India, percentage distribution

			Rural				Urban		
		Male	Female	Male	Female
	Education level	1993	2004	1993	2004	1993	2004	1993	2004
	Illiterate	45.85	35.03	75.54 63.82	17.91	13.25	40.10	31.03
	Below primary	14.68	9.62	7.91	6.53	10.86	6.22	9.93	6.69
	Primary	12.46	15.27	7.16	10.85	12.49	12.54	11.85	11.87
	Middle	12.32	18.62	5.23	10.08	15.91	19.45	12.23	15.91
	Secondary	11.66	16.93	3.55	7.29	26.73	29.53	16.60	21.52
	Graduate or above	3.04	4.52	0.61	1.45	16.10	19.02	9.28	12.99
	Total	100	100	100	100	100	100	100	100
	Note: Figures are based on all individuals of age 20 and higher.				
	Source: NSSO Consumer Expenditure survey						

Table 3 :

 3 Average number of children per household, by female education level Children are household members of age 15 or younger. Educational level is the average of all adult females in the household. The total average includes households with no adult females. Source: NSSO Consumer Expenditure survey.

	Average education level	Rural		Urban	
	females	1993	2004	1993	2004
	Illiterate	2.04	2.03	2.06	1.88
	Below primary	2.17	2.02	1.92	1.91
	Primary	1.99	1.80	1.81	1.62
	Middle	1.79	1.64	1.66	1.46
	Secondary	1.60	1.45	1.42	1.28
	Graduate and above	1.23	1.09	1.17	0.94
	Total	1.96	1.88	1.62	1.43
	Note:				

Table 4 :

 4 table 4 show expenditure inequality in 1993 and 2004 and its absolute change. The remaining rows show the difference in inequality between counterfactual and base-year distribution. Decomposition of inequality change 1993-2004 Rural

						Urban	
		Path 1	Path 2	Average	Path 1	Path 2	Average
	Gini 1993	29.4	29.4	29.4	35.4	35.4	35.4
	Gini 2004	30.7	30.7	30.7	37.4	37.4	37.4
	Total change	1.3	1.3	1.3	2.0	2.0	2.0
	Price effects						
	Total	0.4	0.4	0.4	0.8	1.4	1.1
	Age	0.1	0.1	0.1	-0.1	0.1	0.0
	Education all	-0.3	-0.4	-0.4	0.4	0.7	0.5
	__head	-0.3	-0.4	-0.4	-0.5	-0.5	-0.5
	__spouse __others Children Household size F o r 0.0 0.0 0.0 0.0 Social group 0.1	0.1 0.0 0.0 0.0 0.1	0.0 0.0 0.0 0.0 0.1	0.8 0.0 -0.1 -0.1 0.1	1.0 0.1 -0.1 -0.1 0.1	0.9 0.1 -0.1 -0.1 0.1
	Religion	0.0	0.1	0.1	0.0	0.0	0.0
	Status Occupation	0.2 P 0.2	0.2 0.2	0.2 0.2	0.1 0.1	0.2 0.1	0.2 0.1
	Industry State Endowment effects Education all __ head	-0.2 e 0.3 e -0.3 0.4 0.2 0.4 r 0.1 0.1	-0.2 0.4 0.3 0.1	0.2 -0.3 -0.3 -0.3	0.2 -0.1 0.4 0.0	0.2 -0.2 0.1 -0.1
	__ spouse __ others Educ. all + children Note: 1993 is base-year in Path 1, 2004 is base-year in Path 2. Source: Author's calculations based on NSSO 0.2 0.2 0.2 0.1 0.4 0.3 0.1 0.0 0.0 0.0 0.0 0.0 R 0.5 0.4 0.4 -0.3 0.1 -0.1 e e i v Consumer Expenditure survey.
				w		
					O n l	
						y	
				14			

Table 5 :

 5 Simulated education mobility matrix, spouses in rural India

	Simulated level 2004	1	2	3	4	5	6	Total
	Education 1993							
	1 -Illiterate	86.3	8.5	5.1	0	0	0	100
	2 -Below primary	0.1	6.1	79.9	13.9	0	0	100
	3 -Primary	0	0	15.5	79.9	4.6	0	100
	4 -Middle	0	0	0	30.4	69.6	0	100
	5 -Secondary	0	0	0	0	76.0	24.0	100
	6 -Graduate and higher	0	0	0	0	0	100	100
	Source: NSSO Consumer Expenditure survey and author's calculations.			

Table 1 :

 1 Household MPCE estimation results

	Dependent variable is ln(MPCE)	Rural		Urban	
	Variable	1993	2004	1993	2004
	Age_head	0.006***	0.005***	0.007***	0.008***
		(0.001)	(0.001)	(0.002)	(0.002)
	Age_head_sq	-0.000***	-0.000***	-0.000***	-0.000**
		(0.000)	(0.000)	(0.000)	(0.000)
	Age_other	0.004***	0.003***	-0.005***	0.000
		(0.001)	(0.001)	(0.001)	(0.002)
	Age_other_sq	-0.000***	-0.000***	0.000***	0.000
		(0.000)	(0.000)	(0.000)	(0.000)
	Female_head	-0.082***	-0.076***	-0.144***	-0.159***
		(0.012)	(0.014)	(0.016)	(0.022)
	Educh_2	0.091***	0.053***	0.085***	0.061***
		(0.006)	(0.008)	(0.010)	(0.017)
	Educh_3	0.116***	0.091***	0.125***	0.075***
		(0.007)	(0.007)	(0.011)	(0.013)
	Educh_4	0.160***	0.139***	0.173***	0.149***
		(0.008)	(0.007)	(0.011)	(0.013)
	Educh_5	0.254***	0.187***	0.311***	0.257***
		(0.010)	(0.009)	(0.012)	(0.015)
	Educh_6	0.369***	0.321***	0.490***	0.434***
		(0.019)	(0.020)	(0.016)	(0.021)
	Educs_0	0.165***	0.165***	0.240***	0.304***
		(0.009)	(0.012)	(0.014)	(0.019)
	Educs_2	0.051***	0.059***	0.045***	0.045***
		(0.008)	(0.009)	(0.012)	(0.017)
	Educs_3	0.060***	0.048***	0.035***	0.056***
		(0.009)	(0.009)	(0.011)	(0.013)
	Educs_4	0.106***	0.091***	0.063***	0.097***
		(0.012)	(0.009)	(0.011)	(0.015)
	Educs_5	0.157***	0.176***	0.172***	0.219***
		(0.022)	(0.015)	(0.013)	(0.016)
	Educs_6	0.319***	0.396***	0.325***	0.465***
		(0.049)	(0.038)	(0.018)	(0.023)
	Educo_0	0.139***	0.157***	0.145***	0.211***
		(0.007)	(0.008)	(0.013)	(0.018)
	Educo_2	0.051***	0.032***	0.017	0.077***
		(0.008)	(0.011)	(0.016)	(0.024)
	Educo_3	0.084***	0.057***	0.044***	0.054***
		(0.009)	(0.010)	(0.016)	(0.020)
	Educo_4	0.139***	0.090***	0.077***	0.080***
		(0.011)	(0.010)	(0.015)	(0.020)

Table 2 :

 2 Results ordered probit estimation for education, household head

		Rural, head	Urban, head
	Variable	1993	2004	1993	2004
	Female	-0.881***	-0.912***	-0.737***	-0.903***
		(0.022)	(0.025)	(0.029)	(0.045)
	Age1	-0.014***	0.006	-0.011*	0.045***
		(0.004)	(0.005)	(0.006)	(0.007)
	Age2	0.014***	-0.025***	0.023***	-0.052***
		(0.006)	(0.007)	(0.008)	(0.010)
	Age3	-0.031***	0.008*	-0.034***	0.015**
		(0.004)	(0.004)	(0.005)	(0.007)
	Age4	0.014***	-0.013***	0.008**	-0.031***
		(0.003)	(0.003)	(0.007)	(0.005)
	SC	-0.614***	-0.515***	-0.868***	-0.694***
		(0.015)	(0.016)	(0.025)	(0.027)
	ST	-0.705***	-0.747***	-0.589***	-0.620***
		(0.020)	(0.024)	(0.049)	(0.056)
	Islam	-0.500***	-0.449***	-0.709***	-0.726***
		(0.020)	(0.021)	(0.023)	(0.029)
	Christian	0.246***	0.153***	0.352***	0.256***
		(0.037)	(0.039)	(0.042)	(0.053)
	Other non-Hindu	0.102**	0.162***	0.233***	0.315***
		(0.044)	(0.047)	(0.041)	(0.052)
	Cut-off values				
	1	-0.583***	-0.856***	-1.186***	-0.865***
		(0.051)	(0.067)	(0.069)	(0.074)
	2	-0.127**	-0.547***	-0.777***	-0.576***
		(0.051)	(0.067)	(0.069)	(0.075)
	3	0.293***	-0.102	-0.408***	-0.148**
		(0.051)	(0.067)	(0.069)	(0.075)
	4	0.774***	0.456***	-0.003	0.357***
		(0.051)	(0.067)	(0.069)	(0.074)
	5	1.563***	1.331***	0.786***	1.177***
		(0.052)	(0.070)	(0.069)	(0.075)
	Observations	58787	59162	37293	33279
	Pseudo R2	0.06	0.05	0.05	0.05
	Note: All estimations include state dummies. Standard errors are in parentheses. Sig *** p<0.01, **
	p<0.05, * p<0.1.Age is measured in linear splines (marginal) 20-30, 30-40, and 40-50, 50+.	
	Source: NSSO Consumer Expenditure survey.			

Table 3 :

 3 Results ordered probit estimation for education, spouse All estimations include state dummies. Standard errors are in parentheses. Sig *** p<0.01, ** p<0.05, * p<0.1. Age is measured in marginal linear splines 20-30, 30-40, and 40-50, 50+. Source: NSSO Consumer Expenditure survey.

	Rural	Urban

Table 4 :

 4 Results ordered probit estimation for household average number of children

		1993, rural	2004, rural	1993, urban	2004, urban
	Variable	Coef.	Std.	Coef.	Std.	Coef.	Std.	Coef.	Std.
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  All estimations include state dummies. Sig ***p<0.01, ** p<0.05. Age is measured in linear splines (marginal) 20-30, 30-40, and 40+. Source: NSSO Consumer Expenditure survey.

	ST Muslim Christian Other Cut-off values 1 2 3 4 5 6 7 8 9 10 11 12 N pseudo R2 Note: Page	-0.056 0.336 0.028 -0.015 0.242 0.929 1.628 2.295 2.890 3.395 3.828 4.152 4.441 4.679 4.879 5.137 58787 0.10	* 0.019 *** 0.385 0.022 *** 0.409 0.025 *** 0.433 0.032 *** 0.017 *** 0.086 0.022 *** 0.024 0.042 0.055 0.052 0.038 0.116 0.042 *** 0.109 0.040 *** 0.085 0.059 0.036 0.011 0.045 0.001 0.042 -0.017 0.053 0.049 0.819 0.061 0.398 0.082 0.342 0.096 0.049 1.512 0.061 1.117 0.083 1.102 0.096 0.050 2.296 0.062 1.885 0.083 1.988 0.096 0.050 2.948 0.062 2.611 0.084 2.679 0.097 0.051 3.505 0.063 3.197 0.084 3.188 0.099 0.051 3.986 0.064 3.681 0.086 3.560 0.101 0.053 4.430 0.066 4.114 0.089 3.954 0.106 0.055 4.783 0.069 4.474 0.095 4.345 0.111 0.058 5.067 0.073 4.709 0.104 4.669 0.119 0.063 5.279 0.080 4.799 0.110 4.857 0.126 0.069 5.489 0.091 4.980 0.129 5.035 0.140 0.080 5.818 0.088 5.136 0.149 5.173 0.159 59162 37293 33279 0.12 0.15 0.15
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Appendix