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Abstract

The reliability of the household consumption based (Er@ele) methodology in
detecting gender bias has been called into question redsstiuse it has generally failed to
confirm bias even where there are large gender diffeseinceutcomes. This paper seeks to find
explanations for this failure. To do this, it utilisesaege dataset from India that has educational
expenditure information on individuals and, by aggregatiotha household level. The results
show that the Engel curve method fails to find significgender bias in Indian states where
individual level expenditure data show significant biaswoTexplanations for this failure are
tested, namely incorrect functional form of the buddetre equation and the effect of aggregation
of data at the household level. Hurdle model estimasiarsed in order to allow the decision of
whether to incur any education expenditure to be modedipdrately from the decision of how
much to spend on education, conditional on spending anytfihg results provide support for the
explanation that the Engel curve method fails parthabse it models in a single equation these
two different (often divergent) processes through whicldgebias takes place. The results also
provide support for the explanation that aggregation of alatihe household level makes it more
difficult to pick up gender discrimination. The paper dodes that for those concerned with
reliably measuring gender bias in the intra-household aliot of expenditure, household level
expenditure data is a poor substitute for individual lexpéaditure data.
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1. Introduction

Two approaches have been used in the literature to detedergbras in the intra-
household allocation of consumption or expenditure: dinect comparison of expenditure on
males and females where data is available at thédétwee individual, and the indirect household
expenditure methodology commonly referred to as the Emgee approach. Since information
on the consumption of/expenditure on eawcHividual member of a household is often not
available in household surveys (where generally only totalseholdexpenditure on specific
items is available), it is usually not possible to cieobserve gender bias in the allocation of
expenditure within the household. A researcher must perfiose an indirect method. The Engel
curve method seeks to detect differential treatment wittenhousehold indirectly by examining

how household expenditure on a particular good changeswauttehold gender composition.

However, the reliability of the Engel curve methodol@gya way of detecting gender bias
has been called into question because it has geneddlg to confirm discrimination even where
it is known to exist (Deaton, 1997, p239-41) Deaton notes: “it is a puzzle that expenditure
patterns so consistently fail to show strong gendeceffeven when measures of outcomes show

differences between girls and boys”.

There appear to be at least two different explanationghis puzzle. Firstly, there are
potentially two channels through which pro-male bias mawmocexpenditure on any particular
commodity: one, via zero expenditure on daughters anddovalitional on positive expenditure,
via lower expenditure on daughters than on sons. If gdnde operates through only one of these
mechanisms, then averaging across the two mechanisagslead to the conclusion of no
significant gender bias. Secondly, there is the is$uke effect of aggregation (of expenditure
data across individuals within the household) on the aliitgetect gender bias in household
expenditures. It may be that somehow aggregation makasré difficult to pick up gender

effects.

! For example, the use of the Engel curve method failelétect significant differential treatment in therant

household distribution of food consumption in Maharashtrat@eand Subramanian, 1990) and also in Thailand and
Cote d’lvoire (Deaton, 1989). It might be thought that mietter laboratories to test the Engel curve techniques ar
provided by Indian states such as Rajasthan, Haryana, and Rithjabry skewed sex-ratios, or from Bangladesh
and Pakistan, two countries from which comes much of tier elvidence on differential treatment by gender.
However a study by Subramanian (1995) failed to find evidehgender bias in these three Indian states. Similarly
Ahmad and Morduch (1993) found no evidence in favour of boys inl8aesh even though the survey they use itself
shows that there is an excess of boys over girls of 13%m#ar finding of identical treatment of boys and girls is
confirmed for Pakistan (Deaton, 1997, p240; Bhalotra arfceiit 1998). These results suggest that the indirect
household-consumption based methodology fails to detsatimination even when it is present.
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On the first issue, suppose that the bias against gidslugation (health) takes the form
mainly of zero expenditure on girls’ education (healtl®. the bias manifests itself as girls’ non-
enrolment in school (sick girls’ non-consultationiwa doctor), but thatonditionalon enrolment
(consultation with a doctor), expenditure on girls’ edioca(medicine) is similar to that on boys
or even somewhat exceeds that on boys — for, saylsasalectivity reasons or because certain
components of expenditure on girls’ education are highan those on boys (e.g. on school
transport and clothing). Then, averaging across these n@chanisms there may not be
significant gender bias but, via the non-enrolment meshamnly, there will be strong bias.
Thus, one would be interested in asking whether signifios&as occurs via either of the two
mechanisms separately and whether it is the averagiogsaithe two mechanisms that leads to the
conclusion of non-bias. In other words, one would beréasted not only in the average

unconditional expenditure on girls and boys but alsoérdiktribution of the expenditifre

Secondly, the failure of the conventional Engel curve aggroto detect gender
discrimination may be to do with the aggregate natuthefdata employed in the method. For
example, since meals are prepared centrally within a holgsethe food consumption of each
individual member is not easily isolated and measured,saiaing the use of data on total
household consumption rather than on individual consemptSimilarly, expenditure on a good
such as education is at best usually available only ethttusehold level, though arguably
education expenditure separately on each household membwraesreadily measurable (than

food expenditure).

In this paper we test both the above explanationseoptizzle that the Engel curve method
does not find evidence of discrimination even when dicant boy-girl differences are manifest in
outcomes. The first explanation is tested by sepagratin the two mechanisms through which
bias can occur, to ‘unpack’ the total gender bias into its tamponents. The second potential
explanation, namely that aggregation is responsiblthéofailure to find significant gender bias, is
tested by examining whether the effects of gender vasablan education expenditure equation
at the household level are similar to those in an equdtth as similar a specification as

possible) at the individual child level.

2 Another reason why the conventional application ef Emgel curve method may fail to pick up discrimination
against girls even where it exists may be because thiddiginal assumption about the dependant variable and thus
the specification of the budget-share equation are wréitg.example, if the education budget-share for households
with positive education spending is distributed log-normhily, because the budget-share equation is fitted on all
(zero and positive education budget-share) householdss obBged to use absolute budget-share rather than the log
of budget-share as the dependant variable. This wouldtéeattorrect standard errors. However, this is not a
particularly important worry in large samples, such as ours.



Much of the work using Engel curve methods has focused @ctaef gender bias in the
allocation of food. Our focus here is on detecting getuigs in the allocation of education.
Previous work on India on this question using the Engel conetod has failed to find consistent
evidence of gender bias. For example, Subramanian andrDéa®91) find that in rural
Maharashtra, there is no evidence of pro-boy genderitiaducational expenditure in the age
groups 5 to 9 and 15-54, though there is weak evidence of biae tDt14 age group. In his
study of five Indian states Subramanian (1995) wondered “fiojvexplain the finding of
discrimination against females under [age] 14 in only ttates, when school enrolment data

suggest discrimination is pervasive?”

The 1994 NCAER rural household survey of 16 major statésdia collected detailed
education expenditure data on each household member age¢ea3%Ild. Thus, it is possible -
using this data - to investigate gender bias in the allotaticeducational expenditure both by
direct examination of educational spending on boys amgl gnd also by the indirect Engel curve
method. In other words, it is possible to test whetthe indirect, aggregate-data method confirms
gender bias in states where the direct individual-datdadeshows bias. A vindication of the
indirect methodology for detecting bias should be of amrable practical interest beyond this

study and beyond India since most datasets only permiisthef the indirect method.

Schooling has costs in India. Even apparently ‘fre&egoment schooling has substantial
costs such as expenditure on books, stationery, tranglschool uniforh  Some studies have
also shown that girls are less likely to be sent ®cfearging private schools that are costlier
(Dreze and Sen, 1995, p133; Kingdon, 1996a).

Section 2 discusses the methodology, including bb¢éhEngel curve method and the
hurdle model. Section 3 discusses data and estimasioes. The results are discussed in Section

4 and the final section concludes.

% Household survey data on educational spending show thasexealled ‘fee-free’ schooling has substantialst
India. For instance, the PROBE report (Probe Td£99, p16) found that in rural north India, parents spend about
Rupees 318 per year on each child who attends governmetuifion-free) school, so that an agricultural lakesun
Bihar with 3 such children would have to work for about 40 daykeé year just to send them to primary school.
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2. Indirect methodology for detecting discrimination

At first sight, household survey data on total househot$wmption of (or total household
expenditure on) a good do not appear to be useful fortdisgling who gets how much within the
household, since the data are for the household as & whd not for its individual members.
However, the surveys do have information on householdposition, number of household
members, and the age and sex of each, so that itagyclgossible to study the relationship

between household composition and household consumpxipen@iture) patterns.

The Engel curve method utilises the fact that househmidposition is a variable that
exerts an effect on household consumption patterns. nEeels that arise with additional
household members act in such a way as to increase dixpenon items of consumption
associated with the additional member. The approachiegamvhether budget share of a good
consumed by, say, children (such as education), rises dswigémn an additional girl is added to

the household as it does when an additional boy is addadjiven age range.

The approach is to estimate an Engel curve for the coityrioging examined, education
in the present case. While there are many possible¢idnat forms for the Engel curve linking
expenditure on a good to total expenditure, the WorkingiLspecification has the theoretical
advantage of being consistent with a utility functioml s postulation of a linear relationship
between budget share of a good and the log of total expendaaferms to the data in a wide
range of circumstances (Deaton, 1997). We use the Wgpltldser specification but - so as not
to pre-judge the issue - later relax it to allow fendinearity in the shape of the Engel curve.
Working’'s Engel curve can be extended to include household gtapiuc composition by
writing:

J-1

s =a+pIn(x /n)+ylnn, +{Zej (n; /ni)}-'-,?zi +ty, (1)

where x; is total expenditure of househalds, is the budget share of educati eduexp}’ n is

household size, and, is a vector of other household characteristics sscrelgion, caste, and
household head’s education and occupatignis the error termThe terminn, allows for an

independent scale effect for household sizel,...,Jrefers to thelth age-gender class within the

household. n; /n; is the fraction of household members in jtieage-gender class. Since these

fractions add up to unity, one of them is omitted fromrégression. In this paper, there are 14

age-sex categories. These are males and females incags @4, 5-9, 10-14, 15-19, 20-24, 25-

5



60, and 61 and above. The fraction of women aged >=61 yielairs the household is the omitted
category. The variables of most interest pertain teqrex of school-going age, i.e. they are males
and females aged 5-9, 10-14, and 15-19. These variables ard M&t®9, F5t09, M10tol14,
F10tol4, M15to19 and F15t019. THe coefficients represent the effects (on budget shdre) o

changing household composition while holding househotel ®nstant, for example by replacing
a child in a younger age group with one in an older age groupptacing a man by a woman in a
given age category. Testing for gender differences Igitnpolves testing the hypothesis that

0,, =6; where the subscripta andf are the gender groups male and female and the suljscript

refers to the age-group. Thus, testing for gender differeneducational expenditure in the 5to 9
age group will involve testing whether the coefficient MBto9 is significantly different to the

coefficient on F5t09.

The above method has been used to fit the budget shaations for a wide range of
commodities, including food items, clothing, and medichd educational expenses.
Conventionally, the model has been fitted on the sampéll households, irrespective of whether
they incurred zero or positive expenditure on the pdaiccommodity. Much of the extant Engel
Curve literature has not conditioned on zero valuesit includes both zero and positive values of
the dependant variable - the budget share. For examyear8anian and Deaton (1990) and
Subramanian (1995) fit OLS Engel curves on the sample lohalseholds, despite the
preponderance of households with zero education budget (8®#eand 70% of households had

zero education budget shares in these studies, respgétive

Given censoring of the dependent variable (education bwslgee) at zero for a large
percentage of the sample households, an important éstinigsue is the choice of the appropriate
statistical model. While the extant literature has u3&&, in much of the applied econometrics
literature, there is a well-justified reluctance to umid both zero and positive values in an OLS
regression because of the biased estimates that. résstandard solution often suggested is the
use of a Tobit model. However, apart from the potentsdlyere problem of heteroskedasticity

(Deaton, 1997), an important limitation of the Tobit (asll as of the suggested alternative,

* Some studies have used flexible-form or semi/non-paramegression, for example, Bhalotra and Attfield (1998)
In Subramanian and Deaton (1990) only 11% of rural Maharashiteseholds reported positive educational
expenditures. In Subramanian’s (1995) study using 1987-88 data&086lpf rural Maharashtran households had
positive spending on education. In the current NCAER data,&6%sal Maharashtran households incurred some
education spending. In Subramanian (1995), in Andhra Pradagygna, Punjab and Rajasthan, 21, 56, 51 and 23
per cent of households respectively reported positive edncggending. In the current NCAER data, the
corresponding figures are 49, 64, 58 and 55 per cent respectivedy is, between 1988 and 1994, the proportion of
rural households incurring positive spending on educatiea quite sharply.
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namely a partially non-parametric censored Least Absd@atviation or CLAD estimator) is that it
assumes that a single mechanism determines the dhetaeens=0 versus s>0. In particular,

0P(s> 0| x)/0x; andOE(s|x,s>0)/0x; are constrained to have the same sign.

The alternatives to censored Tobit that allow theahtiiecision ofs=0 versuss>0 to be
separate from the decision of how much s is given && are called ‘hurdle models’
(Wooldridge, 2002: 536). These models allow the effect oframbla to differently affect the

decision to incur any expenditure £ 0 versuss>0) and how much to spend|[s>0). The

hurdle or first tier is whether or not to choosaipee s. In addition to estimating the conventional
Engel curve equation, | propose to use hurdle mesiination in order to allow the decision of
whether to incur any education expenditure to beletbled separately from the decision of how

much to spend on education, conditional on spenalmyghing.

A simple hurdle model can be written down as:
P(s=0|x) =1-®(xy) (2)
log(s) | (x,s > 0) ~ Normal(x3,0?) (3)

wheres is the budget share of education, x is a vectoexplanatory variablesy and S are

parameters to be estimated, aodis the standard deviation sf Equation (2) stipulates the

probability thats is zero or positive, and equation (3) states tbahditional ons>0, s|Xx

follows a lognormal distribution. An examinatiohtbe distribution of in Figure 1 suggests that

conditional on positive education spendiags more lognormally than normally distributed.

The maximum likelihood estimate ¢f is simply the probit estimator usisg0 versus>0
binary response. The MLE ¢ is just the OLS estimator from the regressiorog{d) onx using

those observations for which0. A consistent estimator @f is the usual standard error from the
latter regression. Estimation is straightforwaegdduse we assume that, conditionase® log)

follows a classical linear model. The conditiorepectation of E(s|x,s> 0) and the

unconditional expectation oE(s|x )are easy to obtain using properties of the logabrm

distribution:
E(s|x,s>0) =  expxB+o? 12) (4)
E(s|x) = d(xp)expxB+o? 2) (5)



and these are easily estimated gi\énﬁ , and y. The marginal effect of ons can be obtained

by transforming the marginal effectxbn logg) using the exponent. Thus, the marginal effect of
x onsin the OLS regression of lag)(conditional ors>0 is obtained by taking the derivative of the
conditional expectation afwith respect tox:

0E(s|%x,s>0)
0X

= B.expxB+a? [2) (6)

The marginal effect of a variabkeons - taking into account the effect wn both the probability
that s0 and on the size of conditional ons>0 - is obtained by taking the derivative of the
unconditional expectation sfwith respect tox. Differentiating (5) using the product rule:

0E(s| %)

ox = Axy)expxB +07 12) + (xy) fexpB + 0’ [2)

{rAxy) + ©(xy) B exp(xB + o 12) (7)

where ¢ (.)is the standard normal density function abd ig.3he cumulative normal distribution

function.

The analysis will proceed as follows. | will eséita the marginal effect of the male and
female demographic variables in the conventionab®hodel of the budget share of education in
order to compare my results with extant studiesvilllalso estimate the marginal effects of the
demographic variables in a hurdle model, i.e. ithea its two tiers — the binary probit of whether
the household incurs any positive education experadiand an OLS of education spending
conditional on spending a positive amount. Theginai effects will be computed using STATA.
The main object of interest is to see whether ffferdnce in the marginal effects of the gender

variables are male and female demographic variabkstistically significant in each age-group. .

3. Data and estimation issues

This study utilises household survey data colledigdhe National Council of Applied
Economic Research (NCAER), New Delhi. This 1994/eu covered 33,230 households across
16 major states in India. Sampling information attoer details about the dataset are available in
Shariff (1999).

The major advantage of this dataset is its detail@mation on education of each person

aged <=35 years in the household, including edoicatiexpenditure information. However, an
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important drawback is that it did not collect comprehensnformation ontotal household
expenditure. Only household expenditure on food, healtt, education was collected. This
implies that the denominator in the budget share expressioot household total expenditure but
a (large) subset of it, namely food, health, and edutafHE) expenditurd The ‘missing
component’ of household total expenditure is the RBiE: expenditure. This would include
expenditure on items such as fuel/energy, transport, fpusntertainmentetc.  Given that we
have data only on food, health, and educatl®idE), differential treatment depends upon two

components:

_ Eduexp _ Eduexp « FHE exp
Totalexp FHEexp Totalexp

that is, it depends on:

0] howM changes with more girls in the household, and
FHE exp
(i) how FHE exp changes with more girls in the household

Totalexp

We are able to model only the first componem, the share of education expenditureFiHE
expenditure. However, the combineHE share in total expenditure (i.e. the second compdn

is unlikely to rise with the proportion of girls the household. If it is the case that with a grea
proportion of girls in the household, educationengiture falls but this reduction is compensated
for by an_increasen FHE expenditure i(e., by an increase in food expenditure, which is the
overwhelming part ofFHE expenditure) then one could doubt the evidencen fi test of
component (i) only. However, there is little reastm suppose thaFHE expenditure as a
proportion of total expenditumseswith proportion of girls in the household. Infathe contrary
has often been suggested in the literatueejt has been hypothesised that additional girlthen
household decrease the share of food expendituotahexpenditure. If the latter is true, thea th
evidence here based on component (i) only woulcergstimate gender bias. We believe that
additional girls in the household are unlikely harease or decrease the share of food (&HHE)
expenditure in total household expenditure - mik&tlyl the effect is neutral In other words,

modelling how the share of education HHE expenditure changes with household gender

®> We know from Subramanian’s (1995) study that in 1987-88 @lfidian states, food, health and education
expenditure together account for about 63% of total houseixplenditure.

® None of the several extant studies provides any comgrevidence of systematic gender bias in food allocation
within Indian households.



composition should neither under- nor over-estimate gebidar in the allocation of education
expenditure. Thus, although we use the budget sub share atiedun this paper, for simplicity,

we refer to it simply as the budget share of education.

Another estimation issue is the expected sign on thediwld size (LNHHSIZE) variable.
Deaton and Paxson (1998) argue that larger households aze dfétat the same level of per
capita resources due to economies of scale that atoraeshared household ‘public’ goods such
as housing, radio, etc. Thus, they argue, larger howselstlould have higher per capita
consumption of private goods such as food or education prothdetiouseholds do not substitute
too much away from these private goods towards the n@etfély cheaper public goodslf the
elasticity of substitution is greater for consumpti@han investment) goods then, given that
education is an investment good, one would not expect subtanobstitution away from
education towards the cheaper shared goods in larger houselbéts.we expect to find that the

budget sub-share of education increases with household size.

The analysis here is limited to only households whickelaldren of school-going age,
i.e. children aged 5 to 19 years old. This yields a sanff#@8354 households. In this sample, the
mean budget share of education is 4.20ahd the percentage of households with zero education

spending is 31%.

4. Discussion of results
We present the results in three sub-sections. Thedxplores gender bias by means of
descriptive statistics using individual-level data. Tleeosid sub-section examines whether

incorrect functional form is responsible for the failofehe conventional Engel curve approach to

" paradoxically, Deaton and Paxson (1998) find the oppositearfrdat across 7 different countries, i.e., the budget
share of food falls with household size rather than asing with it. This is surprising because food is @ssity and
households should be unlikely to substitute away from foodrasithe cheaper shared household ‘public goods’.

8 This is considerably higher than the budget share of edndatprevious studies on India. For example, the average
budget share of education for the 5 Indian states studi®dbramanian (1995) was 1.34%. In our data, it is 3.69%
for those same 5 states. However, the data used twdlstudies are not comparable because firstly, tHierear
studies do not restrict the sample to only householdsahitdren in school-going age range. Secondly, as stated
above, our denominator is not total household expendgisrgn Subramanian) but rather a subset of it, congisti

only of food, medical and educational expenditure. In Subramari8Bsdata on 5 states, these three expenditure
items together constitute 63% of total expendituret sogossible to ‘adjust’ our education budget share by daflat

it appropriately (3.69*63/100). This yields a budget share of 2f82%ducation which, though considerably higher
than the 1.34% figure in Subramanian for the year 1987-8Rger to the 2.87% figure for rural India in the MIMAP
survey of the mid-1990s (Pradhan and Subramaniam, 2000, p27). Thexplaination for the fact that the budget
share of education (s) in our data (2.32%) is greatarttied in Subramanian’s study (1.34%) is that the education
budget share has increased between 1987-88 and 1994, the eefltascof the data in the two studies. This is
plausible because of (i) reductions in poverty over timeé (&nincreased demand for and more widespread supply of
education.
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detect gender bias. The third sub-section asks whethemagigreof data at the household level is

to blame for the failure of the Engel curve approach teatiefender bias.

4.1 Descriptive statistics

The first column of Table 1 shows the sex-ratio in @h&4 year age group in sample
households. It shows that the proportion of girls né/316.4% in rural India but also shows
considerable variation across states with Bihar, Giyjataryana, Rajasthan, Uttar Pradesh and
Assam having lower proportions of girls than the Atlinaverageé This gives us our prior belief
that gender difference in the intra-household allocatibaducational expenditure is likely to be

strongest in these states.

In the remaining columns of Table 1, we divide all hood&h with children aged <15
years into two groups - ‘all-girl households, wherktla¢ children below age 15 are girls, and ‘at
least one boy’ households, where there are one or bmy® in the household. Table 1 shows
quite a dramatic difference in the percentage of houdshwoicurring positive educational
spending, depending on whether it is an ‘all-girl' orlésgtst one boy’ household. It shows that in
rural India, the percentage of ‘all-girl' householdparing positive education spending is only
47.3% whereas the corresponding percentage for ‘atdeasboy’ households is 66.0%. In other
words, all-girl households are nearly 19 percentage ponare likely to report zero educational
spending than ‘at least one boy’ households. This vege ldifference indicates an important
correlation between the gender-composition of the édmeld child population and the household’s

decision to incur positive educational spending.

Table 2 shows that in the age groups 10-14 and 15-19 yeasshaue a significantly and
substantially lower current enrolment rate (than bays),a higher probability of reporting zero
educational spending due to non-enrolment, in virtually egeeyof the 16 sample states (except
Kerala and West Bengal). However, this is not so éendfe group 5-9 where the gender gap in

enrolment rate is significant only in about half thetes.

Table 3 shows average educational expenditure, condioonahrolment. It is clear that,
once enrolled in school, girls and boys are not éckdifferently in terms of educational spending
in most states in any of the three age-groups. Thusnalire form of differential treatment is via
differential enrolmentrates of girls and boys. Table 4 includes zero educatipenditure (i.e.

non-enrolled) children and it shows that in the 5-9 agemrthe states with the greatest gender

° The figure for Assam seems implausibly low.
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gap in unconditional educational expenditure are Bihadhyla Pradesh, Punjab, Rajasthan, and
Uttar Pradest. In the 10-14 age group, the gender difference in uncondlitieducation
expenditure is significant in 12 of the 16 states andenl®19 age group in 14 of the 16 states.
Thus, there is fairly strong evidence of gender biaserrdiw data, and the bias is stronger in the
older age groups. The gender gap in educational expenditures ocaimly via girls’ significantly
higher probability of non-enrolment (i.e. via zero ediacatexpenditures) and only rarely via

lower expenditures once enrolled.

4.2 Incorrect functional form as the reason for Engel curve methodisddo
detect gender bi&s

The conventional Engel curve equation is fitted using legsiares regression on the
absolute value of the household’s unconditional budgetstiaeducation. Thus, the functional
form used for the dependant variable is linear and tladysia models both zero and positive
education budget shares in a single equation. As statésl etk is problematic for two related
reasons. Firstly, it assumes that the correcttimmal form for the dependant variable is linear and
assumes that unconditional expenditure is normallyhérathan, say, lognormally) distributed.
Secondly, it imposes the restriction that the maitgffact of gender on the probability of positive
education budget share is constrained to be the same asatheal effect of gender on the
conditional budget share. If the 0/1 decision whethdrave a positive budget share of education
is correctly modelled as non-linear and the decisionthensize of the education budget share,
conditional on positive budget share is correctly moded loglinear, then the marginal effects of
the gender variables are likely to be different than aora/entional Engel curve equation and the

method may fail to pick up bias where it exists.

To test this explanation, we unpack the unconditiodatation budget share into its two
components: probability of positive budget share and, donditon positive budget share, size of
budget share. Using household level data, we estimate dguations for each state (a) the
conventional Engel curve equation; (b) a binary probit ofthdrethe household’s education
budget share is positive or zero; and (c) OLS of the alalag of education budget share,
conditional on positive education budget share. The mregu#t8 equations are presented in

Appendix Table 1.

19 While Kerala appears to have a significant gender gagiB-fiage range, this seems implausible. Moreover, this
gap becomes insignificant after controlling for housgltharacteristics, as seen later.
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The first column under each state in Appendix Table $egmts the conventional Engel
curve of education expenditure share (or ESHARE) fittadath zero and positive education
expenditure households. This is the unconditional OLISSHARE. | discuss these first column

conventional Engel curve results first.

The budget share of education varies from 2.7% in AndradeBh to 8.7% in Himachal
Pradesh. The goodness of fit of the conventional Engeksuvaries substantially by state. |
report the specification using log of per capita expendiiuk?CE) on the right hand side but |
also tried two variations: one was to include LNPCy (¢d per capita income) instead. The other
was an instrumental variable estimation, using LNPOhstriment LNPCE. The coefficients of
the household demographic variables (M5t09, F5t09, M10tob4) ahd the F-tests of the
significance of the gender gaps in educational expenditure wely robust to these alternative
formulations. The shape of the education Engel curas mon-linear in several states when |
allowed for a quadratic term in LNPCE, confirming thalcat levels of per capita expenditure,

education is a luxury but that it becomes a necessitigher levels of expenditure.

Per capita expenditure has a significant positive impadbudget share of education, and
the total expenditure elasticity is close to or abonity in all states, suggesting that education is
treated as a luxury. The elasticities are mostlelotwan those found in Subramanian and Deaton
(1990) and Subramanian (1995), suggesting that education has cdmeetraated as less of a

luxury than in the mid-1980s (date of data in previous stutfies)

The effect of household size is positive and significgargvery state. This is in line with
theoretical considerations which suggest that, at anyndaneel of per capita resources, larger
households will be better off due to economies of steleaccrue from shared household public
goods. The finding of a positive and consistent effectonfsbhold size is of particular interest
given the failure to find this effect in the seven hagid low income countries studied in Deaton
and Paxson (1998).

1 UsingLNPCl as an instrument fdtNPCE:is justified because the two are highly correlatedtm@use income

will not be correlated with budget shares independentig afarrelation with-NPCE

2 |n Subramanian’s study the total expenditure elastidtiedP, Haryana, Maharashtra, Punjab and Rajasthan were
2.14,1.13,1.79, 1.58, and 1.75 respectively. When we repeahalysis to resemble Subramanian’s, i.e. this time
including households without children of school-going age, stimated elasticities for the 5 states are: 1.49, 1.41,
1.19, 1.17 and 1.08 respectively. That is, except for Haryhealasticities for the other four states arg ver
considerably lower than in Subramanian (1995).
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Household head’s schooling (HEDYRS) increases the buslgge of education very
significantly across all sample states, indicatirigger ‘taste’/demand for child schooling among
more educated households. The effects of caste aughai®n are generally not significant or
consistent across states. However, religion ng&tt&ven after controls for household per capita
expenditure and head’s education, MUSLIM households hgudisantly lower education budget
sub-shares than Hindus and Sikhs (the omitted categoraigana, HP, Karnataka, Kerala,
Orissa, UP, WB, and Assam. The parameters of the ldegeand age-composition variables
(M5t09, F5t09, M10tol14, etc.) show that education budgetespanerally increases with the

proportion of male and female children of school-goingwaigi@n the household.

What does the fitted conventional Engel curve in etetle $ell us about gender bias in the
within-household allocation of educational expenditure®?valBes of the F-test of the null
hypothesis that the coefficients on the male and ferdalmographic variables are equal are
presented in the last three rows of Appendix Table 1. rawefor ‘p-value: age 5 to 9’ of the first
columns under each state shows that in the 5-9 age gr@upyplthesis that the coefficient on
M5to9 (the male demographic variable for age group 5 to fheissame as the coefficient on
F5to9 (the female demographic variable for age group 5 te @jected at the 5% significance
level onlyfor Rajasthan. This lack of evidence of significantcggrbias in all but one state shows
that the conventional Engel curve technique is not googdicking up gender-differentiated
treatment in educational expenditure within householdsengithat enrolment data show

significant gender differences in 9 out of the 16 st@kable 2).

Next, in attempting to examine why the Engel curve oethails to detect gender bias, |
unpack total household education budget share into its twlerlying components using the
hurdle model outlined earlier. The second and third columdsr each state in Appendix Table 1
present equations respectively for: (a) the probabilay tine household budget share of education
is positive (the probit equation of ANYEDEXP), and (I tratural log of education budget share,
conditional on positive spending (conditional OLS equm@tioIn the conditional budget share
equation, sample selection could be a problem. Fomiostahere would be positive selection into
enrolment if more able children are more likely to Imeodled. However, for the purposes of
measuring gender bias in expenditure this would matter ordydh selection were greater for
boys than girls because then we would expect the QigSficients on MALE demographic

variables to be downward biaseabre than the OLS coefficients on the female demographic
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variables. We attempted to control for sample sefegtibut its effects were largely

insignificant,

It is conspicuous in the second and third columns understatshin Appendix Table 1 that
some variables have opposing effects on the two outcoR@sexample, the effect of log of total
household per capita expenditure (LNPCE) is invariablytipesand highly significant in the
probit of ANYEDEXP in all states but it is almost in\asly negative and highly significant in the
conditional OLS of budget share. As per Engel's laws thias expected. While the household
size variable (LNHHSIZE) has a large positive and sigaiift effect on the probability of
spending a positive sum on education, its effect on timelivonal budget share is small and

typically insignificant.

Of most interest, from the point of view of the cahtuestion about gender bias, is the
impact, on the two outcomes, of the demographic vasaiileto9, F5to9 (household’s proportion
of males and females aged 5 to 9); M10to14, F10to14 (propatiomles and females aged 10 to
14); and M15t019 and F15t019 (proportion of males and females aged19). To investigate
this impact, we compute the marginal effects of théeramd female demographic variables in
each equation and then take the difference betweemdltee and female marginal effects. For
example, in any given equation, the marginal effecthefvariable ‘M5to9’ minus the marginal
effect of the variable ‘F5t09’ is the difference in gpaal effect (DME) of the gender variables in

age group 5-9.

Tables 5a, 5b and 5c¢ present thigerencein marginal effects (DME) of the demographic
variables for the 5-9, 10-14 and 15-19 age groups respectivelylatatt from the results in
Appendix Table 1. The figures in parentheses below eack Bxd the p-values of the F-test that

the DME is equal to zero. P-values of statisticaltnificant DME’s (at the 5% level or better)

13 We allowed for sample selectivity using ‘index of produeassets owned by household’ as the exclusion
restriction for identifying the constructed variable lta. Index of productive assets (INDEXPA) seemed a good
exclusion restriction in that, for each age group (5-9, 10-14, 13NBEXPA was significant in the probit of current
enrolment and insignificant in the educational expenditure famctOne would expect théspriori since the presence
of productive assets would be likely to raise the opportuwaisy of school attendance by increasing the retorns t
child labour. However, once a child is in school, préidacassets should not matter to how much the hougehol
spends on the education of the child since we contrdidosehold per capita expenditure. The selectivityabiei
Lambda was significant at the 5% level (p value 0.04302)2nly in the 10-14 age group but even there, there was
no significant difference in the coefficients of theSand selectivity corrected equations. In the age-grot<.6-
14, and 15-19, the t-values on lambda were -0.44, 2.021&8respectively. INDEXPA turned out not to be a
good identifying exclusion restriction when doing the regoessby state, since it was frequently insignificarthia
current enrolment probit and occasionally signifidarthe educational expenditure function. It is possible kit
better identifying exclusion restrictions, we could aghibetter identification of lambda and so the OL Sfuierfit

on MALE should be taken as the lower bound on the effleRtALE. We also tried CLAD estimates (availablerfr
author) but these were not significantly different to GisBmates.
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are shaded. The meaning of the DME is best illustrateld avit example. For instance, in the
probit of ANYEDEXP in Gujarat in Appendix Table 1, the ngiaal effect of the variable M5to9
was 0.4867 and the marginal effect of F5t09 was 0.0712. Thugetiter DME in the 5-9 age
group there was 0.4155. Table 5a shows this differencepftiedtiby 100, i.e. as 41.55. The p-
value of the F-test that this difference is equal t® zgas 0.04, i.e. this gender difference in
marginal effect is statistically significant at the 4étvel. In Tables 5a, 5b and 5c, the probit
results in column (a) refer to male-female DME frdm probit of whether the household had a
positive education budget share. Column (b) refers torthe-female DME in the conditional
OLS of the log of education budget share (ESHARE). Sinealependent variable here is in logs,
the marginal effects of the male and female demograjaniables were transformed before taking
differences, so that the DMEs reported in columra(e)comparable to those in column (d), where
the dependent variable was absolute ESHAREColumn (c) shows the DME of the combined
marginal effects from the probit and conditional OLS ¢iqua, the combined marginal effect
having been derived in the way shown in equation 7. Columpdgdains to the unconditional
OLS results, i.e. the OLS of the absolute budget shaeslwdation fitted on all (including zero

education expenditure) households — the commonly reporigel Emrve equation.

Tables 5a, 5b and 5¢ demonstrate two interesting faicssly that DME is almost
always positive in the probit. That is, in most casesjngaan extra boy in the household has a
greater positive impact on the probability of having ANDEEXP than having an extra girl in the
household. Secondly, it shows that the gender DMHEte megativein the conditional OLS in
the 5-9 and 10-14 age groups (though not in the 15-19 group). Thus, l@sic-education age
group (5-14) in many states, there is slight pro-femaleibiasnditional education budget share:
having an extra girl in the household increases the dondit household budget share of

education mor¢han having an extra boy in the household.

In the 5 to 9 age group, the gender DME in the probit isipedbr all states except one
(Karnataka), and is statistically significant in siates. In 10 out of 16 states the gender DME in
the conditional OLS of LNESHARE is negative (alb@significant), and in only one of the 16

14 For example, the coefficient on the variable M5tothim ¢onditional OLS of LNESHARE for Guijarat is —1.58 and
the coefficient on F5t09 is —1.08. The log transfoohthese are obtained by using the property of the logalo
distribution that the conditional expectationB{S| X, s> 0) equalsexp(x3+c? /2). For the Exp(.) is equal to

0.04836. Thus the marginal effect of M5t09 is b*exp(.), i.es #1.58*0.04836 = -0.0766 ; the marginal effect of
F5t09 is —1.08*0.04836 = -0.0524. Thus, the gender difference inmahadfect for the 5-9 age group in Gujarat in
the conditional OLS of budget share (as opposed to the lagdgEbshare) is —0.0766 — -0.0524 = -0.0242. In Table
5 all (differences in) marginal effects are multipled100, so this appears as -2.42.

16



states is it positive and statistically significang, iin the vast majority of states there is no pro-
male gender bias in conditional education expenditure. ififeeence from the ‘conventional’
Engel curve results in column (d) is that there is rgniBtant gender bias in education
expenditure in the 5-9 age group in any state other thantRajasHowever, such an inference
masks the fact that in 5 states other than Rajastharg is significant gender bias in the decision
whether to enrol a child in school. To overlook thefeddnce is to miss an important

discriminatory process.

In the 10-14 age group, the gender DME in the probit is posdivall states except Kerala
and West Bengal, and it is significant in 7 states. tBatDME from the conditional OLS is
insignificant in all but one state. Here too, as inGH&age group, the conventional Engel curve
result in column (d) would lead to the inference of mgnigicant gender bias in any state other
than Rajasthan. Again, such an inference would neglectfatt that in 6 states other than
Rajasthan, there is significant bias in the enrolndetsion. Table 5b also shows that using the
hurdle model approach (column c), 5 states have signifgEarder bias in unconditional education
expenditure. In other words, when the decision to incuitip@seducation expenditure is
modelled separately from the decision how much to spenditamnal on positive expenditure
(using appropriate functional forms), the combined DMEsaee likely to ‘pick up’ gender bias
in education spending than with the conventional Engel approlicih imposes linear regression

of unconditional education expenditure.

In the 15-19 age group, both the DME in the probit and the viBe conditional OLS
are typically positive (though they are significant omyl0 states in the probit and in 6 states in
the conditional OLS). Thus, unlike in the case of tH& &d 10-14 age groups, here both the
probit and conditional OLS results work in the samedtioe, i.e. they reinforce each other. This
is best seen in the following contrast from Gujarat. both the 5-9 and 10-14 age groups, the
probit DME is positive and significant but the conditibr@LS DME is negative, albeit
insignificant. The combined and conventional (uncondiipiMEs therefore are completely
insignificant. In the 15-19 age group, neither the probit DMIE the conditional OLS DME are
individually significant but, because they both work in shene (positive) direction, the combined

and conventional DMEs are both significant at the 6% 1 levels respectively.

In order to show graphically that the two processageafier differentiation are different, |
present a scatter plot of the DMEs separately fortlhee age groups in Figure 2. If the two

processes were the same, we would expect all the goirfedl on the diagonal 45 degree line
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through the origin. It is clear in Figure 2 that for yowsigevo age groups (denoted age=1 and
age=2 in Figure 2), there is little suggestion that the st on the upward diagonal. Indeed if
anything, the points appear to lie on the downward diagonalvetder, for the 15-19 year olds

(denoted age=3), except for a few states such as Agshar,and Himachal Pradesh (denoted by
as, bi, and hp respectively), most of the other st&a®lighly on the positive diagonal. In other
words, below the age of 15, the two processes opposetaatbut beyond age 15, they reinforce
each other. It is not clear what explains this bug possible that in secondary education boys
specialise in subject areas which are more costleasht (such as science) or which require

private home tuition (such as maths).

To sum up, the discussion so far suggests two conclusibimstly, it suggests that one
explanation why the Engel curve approach does not pick upegéimks is that the methodology
uses the wrong functional form. It estimates a sitgldget share equation to encompass two
different decisions, the binary decision of whether tokena purchase and the decision,
conditional on purchase, of how much to spend on the gliakde correct functional form for the
binary decision is non-linear and the correct distributibiconditional expenditure is lognormal
rather than normal, then a hurdle model seems lagiterto capture gender biases in unconditional
expenditure. Secondly, the discussion shows the impmetaf ‘unpacking’ the total gender
difference in expenditure into its two constituenttpar the difference due to a greater incidence
of zero purchases for girls than boys and the diffexafue to lower conditional expenditures on
girls than boys — so as to avoid lumping together twoewdfit (often divergent) processes.
Averaging over the two dilutes the effect of the forrddference, which is clearly the main
discriminatory process. While averaging over the twacesses may lead to the conclusion of no
pro-male bias, there is evidence of significant pro-mads i one of the processes, and policy
makers may be as concerned with distribution of educational expenditure for girls and boys as
with its average. Indeed it is possible that for chilthidong term life chances, being in school is

more important than expenditure on schooling once edatoll

18



4.3 Aqgregation as the reason for Engel curve method’s failure to detst#rdaa®

We turn next to examine whether aggregation of dateeatdhsehold level makes it more
difficult to detect gender differences in educational exgjgere than when using individual child
level data. Individual level expenditure provides the mekible way of detecting gender bias
and our best measure of any existing gender discriminatiag. stated previously, we have
educational expenditure information at the level of tlkvidual child and also, by aggregation, at
the level of the household. Thus, it is possibledmgare household level Engel curve results
with individual level analysis. In the individual lehanalysis, the dependant variable is education
expenditure on the individual child (rather than household dtustiare of education). Moreover,
instead of demographic variables such as ‘household praopasfiomales aged 5 to 9’ and
‘household proportion of females aged 5 to 9, etc., thelgewariable of interest is simply the
dummy variable MALE which is 1 for males and 0 for femal€ke rest of the explanatory
variables in the individual level equations are identicathose in the household equations of
Appendix Table 1, i.e. they are household level variablEse three age groups of interest, as
before, are ages 5 to 9, ages 10 to 14 and ages 15 to t&5pomding roughly with primary,

junior and secondary education.

At the individual child level, we estimated 144 separate ensg{16 states x 3 age groups
x 3 equations). We do not display all 144 equations but tihgimae effects on the gender variable
MALE from these equations are presented in Table 6aafdergroup 5 to 9), Table 6b (for age
group 10-14) and Table 6c¢ (for age group 15-19).

The marginal effects on MALE in Tables 6a, 6b and Gz ot comparable with the
difference in marginal effects of the household demogcaphiiables in Tables 5a, 5b and 5c.
This is because the household demographic variables iruselold level regression are not
identical to the dummy variable MALE in the individual levegression. It is also because the
left hand side variable in the conditional and uncoodil OLS equations in Table 6 is education
expenditure but in Table 5 the corresponding dependanbiaigseducation budget share. Thus,
the scaling of the coefficients and marginal effect$ lva different in the two Tables. However,
we are interested mainly to see whether any statistisadnificant gender differences in the

individual level Table 6 are also significant in the hdwde level Table 5.

The individual child level results of Tables 6 confirm whee saw earlier, namely that in

each of the three age-groups, much of the gender difiareshtreatment occurs at the stage of the
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decision whether to even enrol a child in school (iqmsitive education expenditure), and not in
the decision of how much to spend, conditional on gckarolment. In several instances, the
marginal effect of MALE in the conditional expenditure atjon is negative, i.e. girls have
somewhat higher education expenditure, conditional on beirsghool, though this pro-female

bias is rarely statistically significant.

Column (c) presents the marginal effect of MALE e thurdle model, i.e. combined
from the probit of column (a) and the conditional OLScofumn (b), i.e. allowing the use of
different functional forms for the two decisionsin& MALE is a discrete variable, the marginal
effect of MALE in the combined hurdle model is estimabgdcalculating the expected values of
unconditional expenditure in equation (5) with MALE=1 andMALE=0 and then taking the
difference, rather than by taking derivatives, aseduation (7). Column (d) presents the
marginal effect of the variable MALE in the uncondii@ expenditure equation, i.e. the single

OLS equation estimated including zero education expenditures

While a comparison of columns (c) and (d) shows quite googspondence between the
two, the hurdle model is still more effective at picking gender bias than the conventional
unconditional OLS model. For example, in Table 6ahtivelle model detects overall gender bias
in Andhra Pradesh and Tamil Nadu where the unconditioh& fails to pick it up. The same if

true for Assam in Tables 6b and 6c¢.

The most noteworthy fact to emerge from a compari¢drables 5 and 6 is that the gender
difference in education expenditure is statisticaiiygicant in many more states when individual
level data is used (Tables 6) than when household aggregéadd dsed (Tables 5). This may be
taken to suggest that there is something in the aggreghtiomakes it more difficult to pick up
gender differences in expenditure. However, when congafi@bles 5 and 6 one is not
comparing like with like. While we have ensured that iro#ller respects the specification of the
probit, conditional OLS and unconditional OLS equati@ns identical in the individual and
household level analyses, the dependant variables (ekcepé probit) as well as the gender
variables are different in the individual and househeleell analyses. In order to compare like
with like, one would need to use a similar gender variablde household level analysis as the

MALE dummy variable in the individual level analysis.

15 However, when we estimated the marginal effects ofdn¢éinuous gender variables M5to9 and F5to9 etc. in the
Engel curve equation using household level data earltbeipaper, we used derivatives as set out in equations (6)
and (7).
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Since gender bias manifests itself mainly in the zerosuge positive expenditure
(ANYEDEXP) decision, we examine whether the effecgefder is similar in the individual and
household level probits of ANYEDEXP. Table 7 comparesrtarginal effects of gender in the
individual and household level probit equations that are ks a$ we could make them. Column
(1) reproduces the marginal effect of MALE in the individieael probits (taken from the first
columns of Tables 6a, 6b, and 6¢). Columns (2) presentadhginal effects of gender variables
in the household level probit, the three gender variatdesgyb‘proportion of males among all 5-9
year olds in the household’; ‘proportion of males amalhd@0-14 year olds in the household’; and
‘proportion of males among all 15-19 year olds in the Bbakl’. These gender variables at the
household level differ from those used so far in thay represent the proportion of males within a
given age group (e.g. number of males aged 5 to 9 divided blganwhmales and females aged 5
to 9 in the family) rather than, for example, numblemales aged 5 to 9 within the household as a
whole. This is the gender concept that comes closeshe gender dummy MALE in the
individual level regression. Since both individual and lkebo#&d level gender variables are

bounded between 0 and 1, their marginal effects should be caigna

Table 7 shows that if we accept statistical signifteaat a less strict level than 5% (say at
15%), then the results in columns (1) and (2) displayaaamably high degree of correspondence
between individual and household level results. Howeatecpnventional levels of significance,
household level data fails to detect significant disgration in about 11 (or about one-third of)
cases where individual level data shows significant. bM& can also compare the sizes of the
marginal effects of gender across the individual and holg@hobits. Such a comparison shows
that even when we have done the best we can to achiewar explanatory and dependant
variables in individual and household level equations, wWefaitii to capture the full extent of
gender bias when we use household level data. The magdieat of the gender variable is
consistently and significantly lower in the householelgrobit than in the individual level probit
in each of the three age groups. This suggests that itheoanething about aggregation that
prevents household level data from picking up the full rextd gender bias. It is not that
measurement error is greater in household total educatmenditure than in individual education
expenditure, since in the dataset used for this study, hddsethocation expenditure is obtained
by aggregating individual education expenditure. We atewlih the conclusion that if one is
concerned with detecting gender bias in household expenditacation, there is no substitute for

individual level expenditure data.
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5. Conclusion

The individual level data on educational expendituresirorthat (i) in Indian states with
the most skewed sex-ratios, educatiomaicomessuch as school enrolment rates for girls are
significantly worse than those for boys. They atsafirm that (ii) in those Indian states where
there is evidence of significantly worse educationacomes for girls than boys, household
expenditureon girls’ education is indeed significantly lower thdmatt on boys’,i.e, lower
educational inputs are an important mechanism by which giuistational outcomes turn out to
be inferior than boys’.  The data show that thestmmportant way in which gender bias in
educational resource allocation manifests itself in dm@ibn households is via non-enrolment of
girls, which implies zero educational spending. Therenly a small gender bias in educational

expenditure among enrolled children.

The analysis shows a low degree of correspondence éretesults in individual level data
and in household level data, particularly in the younger ag® groups. Our approach in this
paper suggests important explanations for why the convehtimesehold expenditure method
fails to detect gender bias in intra-household allocati®dwo explanations for this failure were
considered. The tests suggest that the failure is pbetbause the Engel curve method as
conventionally applied suffers from incorrect funcabform and the limitation that the effects of
the household gender composition variables on botthé¢ajiécision to enrol in school and (b) the
decision of how much to spend - conditional on enrollireye constrained to be in the same
direction. Our data suggest that the effects are ierg@nt directions in a substantial number of
cases. However, in the 15-19 year age group, these ted<sefiiork in the same direction and
tend to reinforce each other. Thus, it is only in this gtbapresults from the Engel curve method

correspond well with the results from the direct irtsjo@ of individual level expenditure.

The results also provide support for the explanation tttaggregation of data at the
household level makes it more difficult to pick up gendéfeidnces. When individual and
household level variables and equations are made as smsilggossible, there is imperfect
correspondence between the individual and householdriesiglts and household level equations
consistently fail to capture the full extent of theder bias. This suggests that aggregation of data
does prevent the household expenditure method from defemmder bias. We are left with the
conclusion that for those concerned with reliably rmaag the extent of gender discrimination in
household expenditure allocation, household level datapsor substitute for individual level

expenditure data.
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The results here highlight that there are two distmocesses by which gender bias
appears to occur in the within-household allocation of afilutal expenditure. Thus, a method
that integrates/jointly models these two processesedilthe powerful gender-differentiation that
exists in many states in the main discriminatory mechamamely the non-enrolment of girls. It
is possible that this is also the reason why no sigmifior consistent evidence of gender bias has
been detected in medical expenditures in India (Deat@h Subramanian, 1990; Subramanian,
1995). It is fairly plausible to imagine scenarios whgrparents are delay seeking medical care
for girls compared with for boys in the same statdlioéss but, conditional on seeking medical

advice, the expenditure on girls is the same as thabyps
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Tablel

Descriptive statistics, by State

STATE Proportion of Proportion of % of ‘at-least- % of ‘all-girl’ Percentage t-value of the
girls ‘all-girl’ one-boy’ households point difference
in all children households in households that that incurred  difference in (d) and (e)
(aged 0-14) all households incurred positive (d) - (e)
positive education
education expenditure
expenditure

(@) (b) (€) (d) (€) (f) ()
ANDRHA 48.1 25.6 62.8 48.9 13.9 4.8
BIHAR 44.7 17.1 56.3 43.2 13.1 4.3
GUJARAT 45.9 17.8 62.9 42.6 20.3 5.5
HARYANA 46.3 15.5 72.4 52.2 20.2 5.7
HIMACHAL 46.8 19.1 85.4 69.6 15.8 4.3
KARNATAK 47.6 20.6 72.1 59.0 13.1 4.9
KERALA 50.2 28.9 72.1 58.7 13.4 4.2
MAHARASH 46.3 19.2 69.2 48.3 20.9 7.8
MADHYA 46.4 18.5 61.1 42.3 18.8 8.6
ORISSA 48.4 21.1 64.7 44.0 20.7 6.7
PUNJAB 46.4 17.7 70.5 46.5 24.0 6.0
RAJASTHAN 45.0 15.0 67.9 32.3 35.6 11.1
TAMILNADU 48.7 28.5 60.1 39.5 20.6 6.2
UTTAR 44.8 15.0 66.9 44.1 22.8 9.6
W.BENGAL 49.2 20.4 60.2 42.8 17.4 5.1
ASSAM 39.6 12.2 62.4 55.6 6.8 15
INDIA 46.4 19.0 66.0 47.3 18.7 24.4

Note Shaded cells represent cells with values abovelowtthe national average. The figures for Assam iffitkte
two columns are implausibly low. The states with theatest expected gender bias are Bihar, Gujarat, Haryana,

Maharashtra, Madhya, Orissa, Punjab, Rajasthan #adRfadesh.
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Table2
Current enrolment rate of children, by age-group and gender

State Age 59 Age10-14 Age 15-19

female male gap female male gap female male gap
ANDRHA 65 77 12 57 70 13 15 40 25
BIHAR 35 46 11 50 64 14 24 46 22
GUJARAT 57 65 8 68 82 14 24 44 20
HARYANA 55 60 5 70 85 15 21 49 28
HIMACHAL 79 83 4 89 94 5 46 74 28
KARNATAK 60 64 4 64 74 10 27 44 23
KERALA 81 85 4 98 96 -2 54 55 1
MAHARASH 69 70 1 71 85 14 26 56 30
MADHYA 40 47 7 52 69 17 15 42 27
ORISSA 51 58 7 56 76 20 18 42 24
PUNJAB 71 76 5 73 83 10 26 45 19
RAJASTHAN 32 58 26 36 79 43 9 46 37
TAMILNADU 61 74 13 67 80 13 23 38 15
UTTAR 40 56 16 49 72 23 19 47 28
W.BENGAL 47 48 1 62 66 4 25 40 15
ASSAM 52 60 8 77 86 9 49 59 10
INDIA 51 60 9 60 76 16 24 47 23

Note: The shaded cells represent statistically significant gegalgs, at the 5% level.
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Educational expenditure on ENROLLED children, by age-group and gender

Table3

0.

Age5-9 Age10-14 Age 15-19

girls boys t girls boys t girls boys t
ANDRHA 258 219 -1.0 305 330 0.5 864 885
BIHAR 249 309 2.1 378 431 1.4 651 652 0.0
GUJARAT 258 247 -0.3 313 350 1.0 912 1171 1.5
HARYANA 633 634 0.0 721 859 2.3 1115 1434 2.6
HIMACHAL 671 707 0.6 974 1049 1.2 1686 1966 1.9
KARNATAK 285 337 1.3 446 455 0.2 751 918 1.8
KERALA 490 611 2.7 677 745 1.3 1269 1373 0.8
MAHARASH 210 222 11 359 397 1.7 688 786 1.7
MADHYA 218 242 1.6 301 289 -0.7 651 582 -1.1
ORISSA 222 188 -1.6 295 289 -0.3 852 831 -0.2
PUNJAB 498 651 2.3 674 793 2.0 1712 1365 -2.0
RAJASTHAN 324 348 1.0 496 520 0.8 1109 1164 0.4
TAMILNADU 333 331 -0.0 386 418 0.6 1069 910 -0.8
UTTAR 343 316 -1.0 375 411 1.8 710 780 1.0
W.BENGAL 200 204 0.1 382 379 -0.1 863 945 0.8
ASSAM 357 353 -0.1 352 449 2.2 905 1007 0.6
INDIA 331 345 1.5 455 477 2.2 981 994 0.4

Note The shaded cells represent statistically signifiganider-gaps, at the 5% level.

28



Educational expenditure on all (enrolled and non-enrolled) children, by age-group and gender

Table4

Age5-9 Age 10-14 Age 15-19

girls boys t girls boys t girls boys t
ANDRHA 168 168 0.0 174 232 1.7 130 355 4.9
BIHAR 88 142 4.1 191 275 3.4 153 302 5.0
GUJARAT 147 160 0.5 212 288 2.6 215 514 4.6
HARYANA 348 378 0.9 503 731 4.5 236 703 8.7
HIMACHAL 528 586 1.2 872 989 2.0 780 1458 6.3
KARNATAK 171 218 1.8 284 339 1.7 199 406 5.2
KERALA 399 520 2.9 662 718 1.1 679 758 0.9
MAHARASH 144 154 1.2 254 339 4.6 180 438 8.4
MADHYA 86 113 3.5 156 200 4.0 99 247 8.6
ORISSA 112 109 0.3 165 219 3.1 155 351 5.0
PUNJAB 352 491 2.7 495 660 3.2 449 611 2.2
RAJASTHAN 104 202 7.6 176 410 114 95 540 9.8
TAMILNADU 204 244 1.0 259 336 1.9 248 348 1.4
UTTAR 137 176 2.9 182 297 8.6 136 368 9.4
W.BENGAL 95 99 0.3 235 249 0.6 212 376 3.8
ASSAM 186 210 0.9 271 387 3.0 444 593 15
INDIA 170 206 6.6 274 364 12.1 234 468 19.5

Note: The shaded cells represent statistically significant gegeales, at the 5% level.
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Table 5a
Differencein Marginal Effect (DME) x 100 of gender variables male5-9 and female5-9,
and p-value of the associated t-test
(Household-level results)

State Probit Conditional Combined Unconditional OLS
oLsS probit+OLS (Conventional
Engel curve)
(@ (b) (©) =f(ab) (d)
AP 60.09 -1.38 1.67 -0.08
(.00) (:41) (.24) (.98)
BIH 24.53 -0.73 1.00 0.40
(.10) (.73) (.54) (.76)
GUJ 41.55 -2.42 0.31 0.30
(.04) (:34) (.87) (:87)
HAR 10.41 3.78 3.95 3.1y
(.49) (.11) (11) (.11)
HIM 11.79 -2.71 -1.48 0.93
(.25) (:37) (.62) (.72)
KAR -1.94 -2.03 -1.67 -0.31
(.88) (-30) (:32) (:83)
KER 11.02 2.86 3.71 3.6b
(.10) (:22) (11) (:12)
MAH 17.24 -2.30 -0.82 0.56
(.18) (17) (.61) (.68)
MP 14.50 -0.55 0.31 0.6D
(19) (.66) (.75) (:45)
ORI 70.57 -2.68 1.00 0.28
(.00) (.07) (.40) (.86)
PUN 30.46 2.70 4.11 2.85
(11) (:46) (.24) (-20)
RAJ 40.86 3.34 4.32 4.10
(.00) (.03) (.00) (.00)
TN 50.96 1.26 3.50 2.98
(.01) (:59) (.08) (.11)
UpP 32.99 -0.58 1.31 1.55
(.00) (.64) (.19) (.11)
WB 18.82 -0.18 0.62 0.7y
(.30) (:92) (.66) (:58)
ASS 5.33 2.62 2.46 -0.12
(.73) (:24) (.25) (:94)

Note: In the conditional OLS equation fitted only for housghaith positive education spending, the dependant varsbhei
natural logof the household education budget share. Thus, the coeSiciktiite gender dummy variables were transformed so that
the marginal effects reported in column (b) are comparatthose in column (d), where the dependent variabieaissolute

rather than log terms. Column (d) pertains to the unconditiOLS of absolute household education budget share, fittalil o
households, including those with zero education budget shatestable displays 100 times the difference in margiffietts

(DME) of the variables ‘proportion of males aged 5-9' gmdportion of females aged 5to 9'. The figures in paresethare p-
values of the t-test of the DME, where standard eroorthe t-test in column (c) were obtained by bootstrapping.
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Table5b
Differencein Marginal Effect (DME) x 100 of gender variables malel0-14 and female10-14,
and p-value of the associated t-test
(Household-level results)

State Probit Conditional Combined Unconditional OLS
oLsS probit+OLS (Conventional
Engel curve)
(@ (b) (©) =f(ab) (d)
AP 19.70 -0.11 0.78 1.28
(.25) (:95) (.55) (:34)
BIH 33.90 -2.35 0.57 -0.54
(.04) (.26) (.70) (.70)
GUJ 67.30 -3.58 0.75 0.7
(.00) (:15) (71) (.67)
HAR 16.63 -0.62 0.73 -1.19
(:32) (.78) (.72) (:54)
HIM 11.96 0.92 2.01 1.28
(.25) (.74) (.36) (.60)
KAR 5.92 -0.02 0.34 0.21
(.65) (:99) (.83) (.88)
KER -8.86 -0.81 -1.53 -0.5b
(.50) (.72) (NA) (.81)
MAH 43.70 0.50 3.05 2.21
(.00) (.75) (.03) (.09)
MP 42.99 -0.92 1.40 -0.2p
(.00) (:45) (.16) (.80)
ORI 73.26 0.24 3.16 -0.2D
(.00) (.88) (.01) (-88)
PUN 14.54 4.05 4.20 3.69
(.49) (.26) (21) (.11)
RAJ 108.87 3.13 7.35 5.3
(.00) (.04) (.00) (.00)
TN 42.80 1.79 3.51 2.3f
(.07) (:45) (.10) (.22)
UpP 56.12 -0.50 2.56 0.87
(.00) (.68) (.02) (-38)
WB -3.53 -1.16 -0.90 -2.20
(.86) (:52) (.50) (:15)
ASS 16.64 5.10 5.09 3.5
(.50) (.08) (.04) (:13)

Note: See note in Table 5a. The table displays 106 tiheedifference in marginal effects (DME) of the ablés ‘proportion of

males aged 10-14’ and ‘proportion of females aged 10 to 14
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Table5c
Differencein Marginal Effect (DME) x 100 of gender variables malel5-19 and female15-19,
and p-value of the associated t-test
(Household-level results)

State Probit Conditional Combined Unconditional OLS
oLSs probit+OLS (Conventional
Engel curve)
) (b) (9 =f(ab) (d)
AP 66.25 2.57 4.62 3.441
(.00) (-31) (.01) (.01)
BIH 60.75 0.34 3.36 4.64
(.00) (.91) (.10) (.01)
GUJ 17.13 4.50 3.98 4.59
(-38) (.12) (.06) (.01)
HAR 50.03 4.67 7.67 6.49
(.00) (.11) (.00) (.01)
HIM 15.71 8.27 9.37 10.14
(.02) (.01) (.00) (.00)
KAR 39.19 5.80 6.78 5.98
(.00) (.01) (.00) (.00)
KER -0.49 -2.88 -2.82 -0.5f
(.94) (.25) (.26) (.81)
MAH 48.13 3.48 5.72 6.60
(.00) (.07) (.00) (.00)
MP 66.29 5.32 6.57 4.9p
(.00) (.00) (.00) (.00)
ORI 59.59 7.10 7.40 5.78
(.00) (.00) (.00) (.00)
PUN 8.96 2.39 2.51 1.18
(.60) (:55) (.40) (.61)
RAJ 102.35 9.44 11.58 10.01
(.00) (.00) (.00) (.00)
TN 34.39 3.22 4.18 1.97
(.09) (:29) (.09) (:30)
UpP 38.72 6.87 6.88 6.5[7
(.00) (.00) (.00) (.00)
WB 36.93 3.62 3.81 2.82
(12) (.12) (.04) (.10)
ASS -19.24 3.79 2.12 3.90
(.44) (:31) (.54) (:14)

Note: See note in Table 5a. The table displays 106 tiheedifference in marginal effects (DME) of the ablés ‘proportion of
males aged 15-19' and ‘proportion of females aged 15 to 19'.
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Table 6a

Marginal effect of the gender dummy variable MALE and p-value of the associated t-test,
Individual level data, age group 5-9

State Probit Conditional Combined Unconditional
OLS probit+OLS oLS
(@) (b) (c) =f(ab) (d)
AP 0.129 0.27 27.3 14.9
(.00) (:99) (.01) (:39)
BIH 0.105 17.4 32.9 40.5
(.00) (:28) (.00) (.00)
GUJ 0.056 12.2 18.8 10.0
(.08) (.56) (.09) (.61)
HAR 0.039 74.9 62.4 58.1
(.16) (.01) (.02) (.02)
HIM 0.042 12.3 37.5 54.8
(13) (.74) (:32) (.16)
KAR 0.046 -5.6 9.3 24.%
(.05) (.76) (.56) (.15)
KER 0.042 41.8 55.0 92.4
(.15) (.10) (.04) (.01)
MAH 0.005 -6.1 2.7 4.8
(.82) (.61) (.25) (57)
MP 0.074 21.5 24.4 26.[7
(.00) (.04) (.00) (.00)
ORI 0.077 -31.7 -3.8 -7.2
(.01) (.00) (:22) (.56)
PUN 0.096 93.5 120.2 1167
(.00) (.12) (.00) (.01)
RAJ 0.266 38.3 96.5 94.8
(.00) (.02) (.00) (.00)
TN 0.132 11.2 39.6 31.9
(.00) (:63) (.00) (:31)
UpP 0.175 -10.2 46.0 40.4
(.00) (:41) (.00) (.00)
WB 0.015 2.4 3.5 5.4
(.62) (-85) (.85) (.65)
ASS 0.078 11.1 28.3 17.7
(.02) (:62) (.13) (:83)

Note: In the conditional OLS equation fitted only for chéldmith positive education spending, the dependant vaisatiie

natural logof education expenditure. Thus, the coefficients of the gehdemy variables were transformed so that the marginal
effects reported in column (b) are comparable to thoselimn (d), where the dependent variable is in absollterrtitan log
terms. Column (d) pertains to the unconditional OLShsbhute education expenditure, fitted on all children, incluthinge with

zero education-expenditure. The table shows the mardfeel en the gender dummy variable MALE. The figures in

parentheses are p-values of the t-test of the margieat ef MALE, where standard errors for the t-testétumn (c) are obtained

by bootstrapping.
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Table 6b

Marginal effect of the gender dummy variable MALE and p-value of the associated t-test,
Individual level data, age group 10-14

State Probit Conditional Combined Unconditional
OLS probit+OLS oLS
(@ (b) (c) =f(ab) (d)
AP 0.140 -1.6 35.2 40.
(.00) (:93) (41) (.04)
BIH 0.178 12.6 64.4 72.]
(.00) (:45) (.00) (.00)
GUJ 0.161 14.9 59.9 57.
(.00) (.57) (.02) (.02)
HAR 0.164 63.5 157.9 153.
(.00) (.04) (.00) (.00)
HIM 0.037 105.0 134.5 135.
(.01) (.01) (.01) (.01)
KAR 0.121 -4.0 40.2 26.
(.00) (:83) (.23) (:13)
KER -0.012 -13.1 -20.3 -26.
(.28) (.60) (.44) (:41)
MAH 0.143 21.3 66.4 65.4
(.00) (.09) (.00) (.00)
MP 0.196 16.3 63.2 42.
(.00) (.16) (.00) (.00)
ORI 0.242 4.3 60.5 42.8
(.00) (.75) (.00) (.00)
PUN 0.085 68.5 111.8 118
(.01) (.16) (.00) (.02)
RAJ 0.515 59.5 262.9 230
(.00) (.01) (.00) (.00)
TN 0.145 10.4 54.0 52.0
(.00) (.68) (.00) (.12)
UpP 0.289 26.6 120.4 106
(.00) (.04) (.00) (.00)
WB 0.048 3.3 17.4 3.9
(13) (-89) (.08) (.84)
ASS 0.048 42.7 54.1 349
(.07) (.12) (.04) (:22)

Note: See note in Table 6a.
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Table 6¢

Marginal effect of the gender dummy variable MALE and p-value of the associated t-test,

Individual level data, age group 15-19

State Probit Conditional Combined Unconditional
OLS probit+OLS oLS
(@ (b) (c) =f(ab) (d)
AP 0.269 0.4 152.0 166.p
(.00) (:99) (.00) (.00)
BIH 0.248 34.7 142.0 144.9
(.00) (:40) (.00) (.00)
GUJ 0.198 234.1 212.8 2112
(.00) (.03) (.00) (.00)
HAR 0.311 286.7 419.6 4334
(.00) (.00) (.00) (.00)
HIM 0.306 102.0 519.1 52214
(.00) (:19) (.00) (.00)
KAR 0.184 48.4 135.8 157.1
(.00) (-30) (.00) (.00)
KER 0.019 -86.5 -27.8 -23.8
(.66) (:15) (.95) (.66)
MAH 0.300 74.5 211.1 203.3
(.00) (.06) (.00) (.00)
MP 0.300 11.6 151.8 149.1
(.00) (.75) (.00) (.00)
ORI 0.248 64.0 131.2 173.8
(.00) (:14) (.00) (.00)
PUN 0.216 7.8 265.8 202.8
(.00) (:94) (.00) (.00)
RAJ 0.384 -57.1 362.8 404.p
(.00) (.65) (.00) (.00)
TN 0.171 -46.8 91.7 83.b
(.00) (.57) (.00) (.05)
upP 0.312 98.5 211.0 226.11
(.00) (.01) (.00) (.00)
WB 0.189 18.1 124.4 167.9
(.00) (.78) (.00) (.00)
ASS 0.113 103.6 130.3 1361
(.03) (:15) (.00) (.08)

Note: See note in Table 6a.
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Table7
Marginal effect (x100) of the gender variablesin the probit equation of ANYEDEXP
and p-value of the associated t-test:
(Gender variablesin household level equation redefined)

Marginal effect of MALE Marginal effect of gender variablein
inindividual leve probit househaold level probit
(@) (@)
Age 5-9 Age 10-14 Age 15-19 Age 5-9 Age 10-14 A§el9

AP 0.129 0.140 0.269 0,127 0.069 0.203
(.00) (.00) (.00) (.00) 0.09 (.00)

BIH 0.105 0.178 0.248 0.074 0.083 0.143
(.00) (.00) (.00) (.03) (.02) (.00)

GUJ 0.056 0.161 0.198 0.094 0.132 0.065
(.08) (.00) (.00) (.03) (:01) (-16)

HAR 0.039 0.164 0.311 0.008 0.055 0.145
(-16) (.00) (.00) (:80) (14) (:00)

HIM 0.042 0.037 0.306 0.058 0.011 0.046
(.13) (:01) (.00) (.02) (.65) (:01)

KAR 0.046 0.121 0.184 0.013 0.010 0.108
(.05) (.00) (.00) (.68) (.76) (.00)

KER 0.042 -0.012 0.019 0.043 -0.047 0.009
(.15) (.28) (.66) (.04) (.26) (.67)

MAH 0.005 0.143 0.300 0.039 0.121 0.143
(:82) (.00) (.00) (.18) (.00) (.00)

MP 0.074 0.196 0.300 0.042 0.136 0.152
(.00) (.00) (.00) (-10) (:00) (:00)

ORI 0.077 0.242 0.248 0.133 0.198 0.152
(:01) (.00) (.00) (:00) (:00) (:00)

PUN 0.096 0.085 0.216 0.066 0.061 0.018
(.00) (:01) (:00) (11) (-24) (.66)

RAJ 0.266 0.515 0.384 0.136 0.236 0.220
(.00) (.00) (:00) (.00) (.00) (.00)

TN 0.132 0.145 0.171 0.130 0.141 0.125
(.00) (.00) (:00) (:01) (.02) (.02)

UP 0.175 0.289 0.312 0.091 0.144 0.094
(.00) (.00) (.00) (.00) (.00) (.00)

WB 0.015 0.048 0.189 0.031 0.015 0.129
(.62) (.13) (.00) (.47) (.74) (.01)

ASS 0.078 0.048 0.113 0.020 0.075 0.031
(.02) (.07) (.03) (:59) (17) (:58)

Average

marginal 0.086 0.156 0.236 0.069 0.090 0.111

effect

Note: In the individual level probit, the gender variableie@y the MALE gender dummy. In theousehold level
probit in column (2), there were three gender variabbesedch of the three age groups, the ‘proportion of nialet
children of that age group within the household’. Thewol (1) figures are reproduced from the first columns of
Tables 6a, 6b and 6c¢.
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Appendix Table 1
OL Sregresson of budget share of education; binary probit of any education expenditure; and OL Sregression of
natural log of budget share of education, conditional on positive education expenditure

AndhraPradesh Bihar Gujarat
Unconditional Probit Conditional Unconditional Probit Conditional Unconditional Probit Conditional
oLs oLSs oLs oLs oLSs oLs
Dep. variable (ESHARE) (ANYEDEXP) (LNESHARE) (ESHARE  (ANYEDEXP) (LNESHARE) (ESHARE) (ANYEDEXP) (LNESHRE)
coeff t-value marginal t-value  coeff t-value | coeff t-value marginal t-value  coeff t-value| coeff t-value marginal t-value  coeff t-value
x 100 effect x 100 effect x 100 effect

Variable
LNPCE 0.56 21 0.19 5.0 -0.40 -4.3 0.37 14 0.21 6.6 -0.58 -1.7 1.12 3.7 0.15 4.4 0.06 0.6
LNHHSIZE 1.55 5.0 0.40 8.7 -0.15 -1.2 0.57 1.7 0.31 7.3 -0.29 -3.0 1.28 3.0 0.36 7.3 -0.19 -1.3
MOTO4 -6.79 -3.0 -1.01 -3.3 -2.38 -2.8 -0.92 -0.3 -0.29 -0.8 -0.86 -1.0 -4.53 -1.5 -1.13 -3.2 -0.73 -0.7
M5TO9 1.25 0.6 1.30 4.2 -1.12 -1.4 4.82 1.7 0.67 2.0 0.03 0.0 -1.54 -0.5 0.49 14 -1.58 -1.7
M10TO14 1.65 0.7 0.56 1.9 -0.39 -0.5 8.89 3.1 0.88 2.6 1.13 1.3 2.96 1.0 0.77 2.3 -0.44 -0.5
M15TO19 3.76 1.7 -0.16 -0.5 1.16 14 8.21 2.8 0.41 1.2 1.55 1.8 3.30 1.1 -0.41 -1.3 1.20 1.3
M20TO24 -3.78 -1.6 -0.48 -1.5 0.07 0.1 5.73 1.8 -0.12 -0.3 1.39 1.5 -3.28 -1.0 -1.10 -3.1 -0.54 -0.5
M25TO60 -3.17 -1.4 -0.45 -1.5 -1.38 -1.7 3.86 1.3 -0.08 -0.2 0.56 0.6 -2.36 -0.8 -0.38 -1.1 -0.67 -0.7
M61MORE -4.68 -1.6 -0.68 -1.8 -0.80 -0.8 6.03 1.5 -0.01 0.0 0.69 0.6 -4.54 -1.1 -1.13 -2.3 -0.60 -0.4
FOTO4 -5.86 -2.6 -0.47 -1.5 -2.97 -3.6 -0.96 -0.3 -0.31 -0.9 -0.79 -0.9 -5.29 -1.8 -0.90 -2.6 -1.59 -1.7
F5TO9 1.28 0.6 0.70 24 -0.80 -1.0 4.42 1.5 0.42 1.3 0.15 0.2 -1.84 -0.6 0.07 0.2 -1.08 -1.2
F10TO14 0.42 0.2 0.36 1.2 -0.36 -0.5 9.43 3.2 0.54 1.6 1.53 1.8 2.19 0.7 0.09 0.3 0.30 0.3
F15TO19 0.35 0.2 -0.82 2.7 0.57 0.7 3.57 1.2 -0.20 -0.5 1.60 1.8 -1.29 -0.4 -0.58 -1.7 0.27 0.3
F20TO24 -2.68 -1.1 -0.20 -0.6 -1.16 -1.3 -0.02 0.0 -0.47 -1.3 0.40 0.4 -1.11 -0.3 -0.77 2.1 -0.12 -0.1
F25TO60 -0.17 -0.1 0.44 1.5 -0.88 -1.1 2.09 0.7 0.21 0.6 0.06 0.1 3.00 1.0 0.02 0.1 0.91 1.0
HEDYRS 0.37 9.1 0.05 8.5 0.05 3.9 0.37 10.1 0.05 10.6 0.05 5.0 0.43 7.8 0.05 7.9 0.05 3.4
SC -0.55 -2.3 0.00 0.0 -0.27 -3.3 -0.66 -2.3 -0.06 -1.9 -0.18 -2.3 0.31 0.7 0.00 -0.1 0.22 1.7
ST -1.17 -2.0 -0.08 -1.1 -0.53 -2.4 -0.77 -2.4 -0.07 -1.8 -0.28 -3.1 -0.16 -0.5 -0.03 -0.8 -0.16 -1.5
MUSLIM -0.37 -0.8 0.05 0.8 -0.22 -1.4 -0.18 -0.6 -0.11 -3.4 0.04 0.5 -0.10 -0.2 -0.07 -1.1 -0.02 -0.1
CHRISTN 0.87 1.3 0.04 0.4 0.32 1.3 0.97 0.7 0.27 1.8 -0.05 -0.1 1.78 0.9 0.25 0.5
WAGELAB -0.56 -2.4 -0.08 -2.5 -0.20 -2.4 -0.77 -2.8 -0.11 -3.6 -0.09 -1.2 -0.25 -0.8 -0.04 -1.1 0.01 0.1
INTERCEP -3.42 -1.1 0.52 0.5 -4.85 -1.4 1.14 1.1 -8.52 -2.3 -3.72 -3.3
AdjustedRz 0.1444 0.2755 0.1615 0.1570 0.1960 0.1506 0.1354 0.2250 0.1157
N 1571 1571 1001 1787 1787 1042 1182 1182 776
Depvar mean 0.0269 0.6372 -3.7624 0.0346 0.5831 -3.2549 0.0317 0.6548 -3.63B1
Exp. elasticity 1.21 1.11 1.35
p-value:age5-9 0.98 0.00 0.41 0.76 0.10 0.73 0.87 0.04 0.34

age 10-14 0.34 0.25 0.95 0.70 0.04 0.26 0.67 0.00 0.15

age 15-1p 0.01 0.00 0.31 0.01 0.00 0.91 0.01 0.38 0.12

Note: For the unconditional OLS, the dependent variable i S8RE or the budget share of education, and coefficients leee multiplied by 100. For the conditional OLS, i.e. fitteid only on
households with positive ESHARE, the dependent variable isatioeal log of ESHARE or LNESHARE. The dependent vagiabthe Probit is ANYEDEXP, i.e. whether household had any
positive education expenditure in past year, as opposedbtedecation spending. Where a variable predicts supeefestly, that is indicated with a dash ---. For examphere all Christian
households have anyedexp=1, then the marginal effecttofethable is not identified and it is denoted with ahdas Similarly, if there are no Christians in theal part of a state in the sample, this
is denoted with a dash ---. The last 3 rows present th&upsvaf F-test that in a given age-group, the coeffisiehimale and female demographic variables in that numdieinn are equal.
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Appendix Table 1, continued
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Haryana Himachal Pradesh Karnataka
Unconditional Probit Conditional Unconditional Probit Conditional Unconditional Probit Conditional
oLS oLS oLS oLS oLS oLS
Dep. variable (ESHARE) (ANYEDEXP) (LNESHARE) (ESHARE (ANYEDEXP) (LNESHARE) (ESHARE) (ANYEDEXP) (LNESHRE)
coeff t-value  marginal t-value coeff t-value coeff tvalue marginal t-value coeff t-value coeff t-value marginal t-value coeff t-value
x 100 effect x 100 effect x 100 effect
Variable
LNPCE 1.83 4.5 0.19 6.2 -0.01 -0.1 0.17 0.4 0.09 54 -0.31 5.1 0.19 0.6 0.10 3.6 -0.34 -5.0
LNHHSIZE 2.49 5.6 0.31 9.1 0.04 0.6 3.57 6.4 0.14 6.7 0.12 1.6 1.58 4.6 0.29 9.3 -0.08 -1.0
MOTO4 -5.83 -1.8  -0.25 -1.1 -1.46 -2.5| -13.34 -3.6 -0.30 24  -2.01 -4.2| -5.22 -20 -0.54 -25  -1.37 -2.2
M5TO9 9.23 2.9 0.76 3.3 0.28 0.5 2.57 0.8 0.25 1.8 -0.16 -04 2.55 1.0 0.55 2.6 -0.10 -0.2
M10TO14 11.75 3.6 1.02 4.2 0.80 1.4 13.43 4.1 0.21 1.7 1.46 3.6 7.67 3.2 0.75 3.7 1.28 2.3
M15TO19 11.99 3.7 0.36 1.6 1.34 2.3 14.21 4.3 -0.05 -04 1.87 4.5 8.13 3.3 0.16 0.8 2.35 4.1
M20TO24 1.68 0.5 -0.13 -0.6 0.31 0.5| -5.44 -1.5 -031 -2.6 0.02 0.1 3.34 1.3 -0.40 -1.9 1.17 1.9
M25TO60 1.05 0.3 0.05 0.2 -0.43 -0.7( -7.17 -2.3  -0.25 -2.3 -0.89 -2.2| -0.96 -04 -0.35 -1.7 0.60 1.0
M61MORE -1.37 -0.3 -0.08 -0.2 -0.35 -0.4| -7.58 -1.8  -0.25 -1.8  -0.65 -1.2 -1.94 -0.6 -0.28 -1.0 0.58 0.7
FOTO4 -4.45 -1.3  -0.18 -0.8 -1.52 -2.6| -10.16 -26 -0.24 -1.9 -1.55 -3.2| -4.27 -1.6 -041 -1.8  -0.69 -1.1
F5TO9 6.06 1.8 0.65 2.7 -0.22 -04 1.64 0.5 0.13 1.0 0.13 0.3 2.86 1.1 0.57 2.7 0.24 0.4
F10TO14 12.94 4.1 0.86 3.6 0.89 1.6 12.15 3.6 0.09 0.7 1.36 3.3 7.46 3.1 0.69 3.3 1.28 2.3
F15TO19 5.50 1.6 -0.14 -0.6 0.72 1.2 4.07 1.2 -0.21 -1.8 0.98 2.3 2.20 0.9 -0.23 -1.1 1.37 2.3
F20TO24 -1.59 -04 -0.34 -1.4 -0.27 -0.4| -0.40 -0.1  -0.20 -1.7 0.15 0.3 2.02 0.7 -0.33 -1.5 1.17 1.7
F25TO60 3.04 1.0 0.20 1.0 -0.14 -0.3] -5.05 -1.6 -0.04 -0.4 -0.65 -1.6 1.92 0.8 -0.02 -0.1 0.66 1.1
HEDYRS 0.37 7.4 0.02 4.5 0.05 5.9 0.39 5.6 0.01 2.7 0.05 5.3 0.28 6.3 0.02 5.3 0.04 4.3
SC -0.36 -1.0 -0.04 -1.4  -0.04 -0.7f -0.44 -1.0 -0.02 -1.1 -0.05 -0.8 -0.09 -0.3 -0.08 -2.6 0.03 0.4
ST 1.39 0.6 0.38 1.1 -1.10 -1.1 -0.10 -2.2  -0.09 -0.7| -0.53 -1.4  -0.02 -0.5 -0.20 -2.3
MUSLIM -2.48 -3.7 -0.39 -6.5 -0.12 -0.9] -351 -2.7 -0.26 -3.3  -0.26 -1.5| -0.63 -1.8  -0.10 -3.2 0.02 0.2
CHRISTN -4.59 -0.8 2.51 1.7 -0.08 -0.6 0.63 1.8
WAGELAB -0.86 -2.3 -0.06 -2.3 -0.15 -2.3| -0.82 -1.0  -0.05 -1.7 -0.08 -0.7f -0.83 -2.8 -0.08 -3.3 -0.13 -1.9
INTERCEP -17.49 -3.9 -2.94 -3.7 0.36 0.1 -0.32 -0.5| -2.45 -0.7 -1.32 -1.7
AdjustedRZ 0.2333 0.2824 0.1897 0.2757 0.3163 0.3046 0.1126 0.1865 0.1389
N 1409 1409 1074 949 949 838 1979 1979 1435
Depvar mean 0.0614 0.7619 -2.8315 0.0868 0.8830 -2.5700 0.0427 0.7251 -3.32
Exp. elasticity 1.00 1.02 1.04
p-value of
F-test
Age 5-9 0.11 0.49 0.11 0.72 0.25 0.37 0.83 0.88 0.30
Age 10-14 0.54 0.32 0.78 0.60 0.25 0.74 0.88 0.65 0.99
Age 15-19 0.01 0.00 0.11 0.00 0.02 0.01 0.00 0.00 0.01
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Appendix Table 1, continued

b7

Kerala M aharashtra Madhya Pradesh
Unconditional Probit Conditional Unconditional Probit Conditional Unconditional Probit Conditional
oLS oLS oLS oLS oLS oLS
Dep. variable (ESHARE) (ANYEDEXP) (LNESHARE) (ESHARE (ANYEDEXP) (LNESHARE) (ESHARE) (ANYEDEXP) (LNESHRE)
coeff t-value  marginal t-value coeff t-value coeff tvalue marginal t-value coeff t-value coeff t-value marginal t-value coeff t-value
x 100 effect x 100 effect x 100 effect
Variable
LNPCE 0.50 0.9 0.03 2.3 -0.17 2.4 0.23 0.9 0.15 6.3 -0.17 -3.0 1.25 6.7 0.31 11.7 -0.09 -14
LNHHSIZE 1.72 2.8 0.12 6.9 -0.15 -2.0 1.83 6.0 0.30 9.7 0.08 1.1 1.64 8.7 0.50 17.1 -0.18 -2.7
MOTO4 -8.44 -2.4 -0.08 -1.0 -151 -3.2| -5.19 -2.4  -0.53 -2.8 -1.58 -3.2| -3.24 -20 -051 2.3 -0.92 -1.6
M5TO9 9.01 2.8 0.53 5.6 0.27 0.7 6.18 3.0 0.91 4.7 0.25 0.6 2.48 1.6 0.59 2.8 0.22 0.4
M10TO14 15.88 51 0.68 6.3 1.00 2.6| 11.55 5.7 0.95 4.9 1.61 3.7 5.78 3.8 1.02 4.7 0.82 1.6
M15TO19 11.88 3.6 0.23 2.7 0.99 24| 10.92 5.3 0.34 1.8 1.89 4.2 5.98 3.9 0.31 14 2.02 3.8
M20TO24 1.23 0.4 0.07 1.0 -0.06 -0.1 3.20 1.5 -0.22 -1.2 0.61 1.3 -0.37 -0.2  -0.37 -1.5 0.44 0.7
M25TO60 -0.78 -0.3 0.12 1.7 -0.42 -1.1 1.01 0.5 -0.16 -0.9 0.06 0.1 -1.63 -1.0 -0.06 -0.3  -0.42 -0.7
M61MORE -5.33 -1.2 0.00 0.0 -0.81 -1.5 -3.70 -1.3 -0.30 -1.2  -0.58 -0.9] -1.01 -0.5 -0.12 -0.4 -0.02 0.0
FOTO4 -7.23 2.1 0.00 0.1 -1.77 -4.0 -4.26 -2.0 -0.52 2.7 -1.42 -2.9| -3.55 2.3 -041 -1.8 -1.38 -2.5
F5TO9 5.36 1.6 0.42 45 -0.06 -0.2 5.62 2.7 0.74 3.8 0.63 14 1.88 1.2 0.45 2.1 0.34 0.6
F10TO14 16.43 5.4 0.77 6.1 1.09 2.9 9.34 4.5 0.51 2.7 1.53 3.4 6.00 3.9 0.59 2.7 1.02 1.9
F15TO19 12.45 4.0 0.23 3.0 1.32 3.4 4.32 20 -0.14 -0.7 1.32 2.8 1.06 0.7 -0.35 -1.5 0.88 1.6
F20TO24 2.17 0.6 0.01 0.1 0.35 0.8/ -0.76 -0.3  -0.28 -1.3 0.11 0.2 -1.63 -0.9 -0.32 -1.3 -0.02 0.0
F25TO60 2.75 0.9 0.17 25 -0.50 -1.3 0.69 0.3 0.06 0.4 0.23 0.5 0.25 0.2 0.23 1.1 0.16 0.3
HEDYRS 0.46 5.6 0.01 3.1 0.04 4.1 0.23 54 0.03 6.1 0.02 2.8 0.38 14.2 0.05 13.0 0.07 7.8
SC 0.45 0.7 0.00 0.3 -0.083 -04 0.29 0.9 0.03 1.0 0.12 1.8 -0.32 -1.8  -0.09 -3.5 -0.07 -1.1
ST -2.17 -0.9 -0.45 -1.6| -1.74 -5.9 -0.22 7.4 -0.24 -3.4| -0.03 -0.2 -0.07 -3.2  -0.02 -0.3
MUSLIM -1.10 21 -0.01 -0.7 -0.14 -2.1) -0.45 -0.7 -0.02 -04 -0.04 -0.3| -0.29 -0.7 -0.12 -1.8  -0.05 -04
CHRISTN 1.38 3.0 0.00 0.2 0.10 1.8 1.89 0.9 0.45 1.2 8.44 7.7 0.18 1.2 1.35 4.3
WAGELAB -1.25 -3.0 -0.03 2.2  -0.11 -2.2| -0.68 -24  -0.04 -1.5 -0.13 -1.9 -0.29 -1.7  -0.05 2.3  -0.12 -2.0
INTERCEP -4.47 -0.8 -1.08 -1.5| -3.48 -1.3 -2.43 -4.1| -10.91 -5.3 -2.80 -3.9
AdjustedRz 0.2700 0.3599 0.2815 0.2097 0.2767 0.1932 0.2031 0.2405 0.1391
N 948 948 809 2039 2039 1507 3305 3305 2036
Depvar mean 0.0788 0.8526 -2.6175 0.0474 0.7384 -3.0901 0.0297 0.6160 -3.47
Exp. elasticity 1.06 1.05 1.42
p-value of
F-test
Age 5-9 0.12 0.10 0.22 0.68 0.18 0.17 0.45 0.19 0.66
Age 10-14 0.81 0.50 0.72 0.09 0.00 0.75 0.80 0.00 0.45
Age 15-19 0.81 0.94 0.25 0.00 0.00 0.07 0.00 0.00 0.00
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Appendix Table 1, continued

3

Orissa Punjab Rajasthan
Unconditional Probit Conditional Unconditional Probit Conditional Unconditional Probit Conditional
OLS OLS OLS OLS OLS OLS
Dep. variable (ESHARE) (ANYEDEXP) (LNESHARE) (ESHARE (ANYEDEXP) (LNESHARE) (ESHARE) (ANYEDEXP) (LNESHRE)
coeff t-value  marginal t-value coeff t-value coeff tvalue marginal t-value coeff t-value coeff t-value marginal t-value coeff t-value
x 100 effect x 100 effect x 100 effect
Variable
LNPCE 1.69 5.4 0.34 7.5 0.07 0.8 0.38 0.9 0.18 4.7 -0.25 2.1 0.05 0.2 0.20 6.7 -0.32 -5.2
LNHHSIZE 1.80 6.2 0.46 10.0 0.02 0.2 1.67 3.5 0.29 6.7 0.12 0.9 2.34 7.9 0.47 11.5 0.20 2.4
MOTO4 0.91 0.4 0.02 0.1 0.23 0.3] -4.47 -1.2  -0.10 -0.3 -1.81 -1.7 -3.27 -1.4 -0.49 -1.7 -1.01 -1.6
M5TO9 5.07 2.1 1.41 4.3 0.22 0.3 8.01 2.1 1.10 3.5 0.93 0.9 6.73 2.9 0.73 2.6 1.43 2.4
M10TO14 7.55 3.2 1.64 4.9 1.40 1.9 9.46 2.6 1.15 3.9 1.05 1.1 11.53 4.9 1.54 5.3 2.20 3.7
M15TO19 8.33 3.5 0.47 1.5 2.56 3.5 8.18 2.2 0.21 0.7 2.19 2.2| 10.34 4.3 0.43 1.5 2.84 4.6
M20TO24 2.49 1.0 -0.13 -0.4 1.14 1.5 -3.73 -1.0 0.00 0.0 -0.70 -0.7 5.15 2.0 -0.39 -1.2 1.74 2.5
M25TO60 1.31 0.5 0.36 1.1 -0.43 -0.6/ -1.04 -0.3 0.18 0.6 -0.29 -0.3 3.69 1.4 -0.02 -0.1 1.54 2.2
M61MORE 2.23 0.8 0.43 1.1 0.19 0.2 1.39 0.3 0.08 0.2 0.22 0.2 4.99 1.5 -0.09 -0.2 1.98 2.2
FOTO4 1.30 0.6 0.40 1.2 -0.34 -0.5| -6.44 -1.7 -0.04 -0.2 -2.62 -2.5 -2.63 -1.1 -0.55 -1.9 -0.04 -0.1
F5TO9 4.84 2.1 0.71 2.2 0.87 1.2 5.16 14 0.80 2.6 0.51 0.5 2.63 1.1 0.32 1.1 0.72 1.2
F10TO14 7.75 3.3 0.91 2.8 1.34 1.9 577 1.6 1.01 3.4 0.41 0.4 6.20 2.6 0.45 1.6 1.53 2.6
F15TO19 2.55 1.1 -0.12 -0.4 0.82 1.1 7.05 1.9 0.12 0.4 1.82 1.8 0.33 0.1 -0.59 -1.9 0.83 1.2
F20TO24 1.75 0.7 -0.09 -0.3 0.84 1.0 -2.44 -0.6  -0.23 -0.7 0.76 0.7 1.98 0.7 -0.59 -1.7 1.39 1.7
F25TO60 3.83 1.7 0.72 2.3 0.98 1.3 1.82 0.5 0.34 1.2 0.75 0.7 2.27 1.0 -0.29 -1.0 1.29 1.9
HEDYRS 0.38 8.8 0.05 7.7 0.07 5.7 0.56 9.6 0.03 4.8 0.08 5.3 0.44 10.9 0.03 6.5 0.08 8.3
SC -0.74 -2.6 0.00 0.0 -0.23 -2.6 0.38 0.9 0.01 0.2 0.02 0.2 -0.12 -0.5 -0.05 -1.7 0.01 0.1
ST -1.33 -5.0 -0.19 -5.2  -0.47 5.4 0.43 0.1 0.25 0.3 -1.33 -4.0 -0.16 -3.8 -0.43 -4.6
MUSLIM -2.04 -1.9 -0.03 -0.2  -0.40 -1.5 0.14 0.1 -0.11 -1.2 0.25 0.7 -1.17 -2.3 -0.15 24  -0.25 -1.9
CHRISTN 0.45 0.7 0.22 2.8 -0.21 -1.2 0.01 0.0 -0.10 -1.1 -0.26 -0.9
WAGELAB -0.44 -1.7 -0.05 -1.4 -0.14 -1.7) -1.79 -4.1  -0.07 -2.0 -0.54 -4.6 -0.12 -04 0.04 1.2 -0.04 -0.5
INTERCEP -16.68 -5.0 -4.78 -4.6| -4.79 -0.9 -1.91 -1.4| -5.62 -1.9 -2.62 -3.5
AdjustedRz 0.2313 0.3102 0.1869 0.2121 0.2516 0.1857 0.2240 0.2742 0.1965
N 1522 1522 979 964 964 720 1599 1599 1063
Depvar mean 0.0305 0.6432 -3.5070 0.0456 0.7464 -3.3441 0.0353 0.6648 -3.32
Exp. elasticity 1.55 1.08 1.01
p-value of
F-test
Age 5-9 0.86 0.00 0.07 0.20 0.11 0.46 0.00 0.00 0.03
Age 10-14 0.88 0.00 0.88 0.11 0.49 0.26 0.00 0.00 0.04
Age 15-19 0.00 0.00 0.00 0.61 0.60 0.55 0.00 0.00 0.00
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Tamil Nadu Uttar Pradesh West Bengal
Unconditional Probit Conditional Unconditional Probit Conditional Unconditional Probit Conditional
oLS oLS oLS oLS oLS oLS
Dep. variable (ESHARE) (ANYEDEXP) (LNESHARE) (ESHARE (ANYEDEXP) (LNESHARE) (ESHARE) (ANYEDEXP) (LNESHRE)
coeff t-value  marginal t-value coeff t-value coeff tvalue marginal t-value coeff t-value coeff t-value marginal t-value coeff t-value
x 100 effect x 100 effect x 100 effect
Variable
LNPCE 2.34 6.0 0.22 51 0.24 2.2 0.01 0.0 0.16 7.7 -0.46 -9.7 0.90 3.0 0.21 4.8 -0.23 2.4
LNHHSIZE 2.32 4.7 0.49 8.4 -0.02 -0.1 1.88 8.9 0.42 15.8 -0.08 -14 1.14 3.5 0.53 10.8 -0.20 -1.8
MOTO4 -3.51 -1.1 -0.54 -1.7  -1.59 -1.7f -3.73 -2.0 -0.62 -3.0 -0.35 -0.7( -4.23 -1.5 -0.61 -1.5 -2.04 -2.2
M5TO9 8.10 2.6 1.84 5.3 0.01 0.0 3.38 1.9 0.28 14 0.96 2.1 0.12 0.0 0.56 1.4 -1.20 -1.3
M10TO14 9.40 3.0 1.80 5.2 0.49 0.5 6.14 3.5 0.66 3.4 1.57 3.5 5.10 1.9 0.58 1.5 1.02 1.2
M15TO19 5.50 1.7 0.43 1.3 0.90 1.0 7.17 4.0 -0.09 -0.5 2.78 6.1 6.11 2.1 -0.05 -0.1 1.84 2.0
M20TO24 0.55 0.2 -0.28 -0.8 -0.23 -0.2 4.29 22 -031 -14 1.83 3.6 2.06 0.7 -0.51 -1.2 0.91 1.0
M25TO60 -3.12 -1.0 -0.24 -0.8 -0.95 -1.0 1.99 1.0 -0.24 -1.1 1.18 2.3 -2.69 -1.0  -0.42 -1.0 -0.86 -0.9
M61MORE -2.97 -0.7 -0.35 -0.8 -0.39 -0.3 0.96 0.4 -0.33 -1.2 1.25 2.0] -5.55 -1.6 -0.64 -1.3 -0.99 -0.8
FOTO4 -3.83 -1.2  -0.33 -1.0 -231 -2.4) -2.07 -1.1 -041 -2.0 0.24 0.5 -4.01 -1.4 -1.07 -2.7 -1.50 -1.6
F5TO9 5.17 1.6 1.33 4.0 -0.25 -0.3 1.83 1.0 -0.05 -0.2 1.08 2.4] -0.65 -0.2 0.38 1.0 -1.15 -1.3
F10TO14 7.03 2.3 1.38 4.3 0.12 0.1 5.27 3.0 0.10 0.5 1.67 3.7 7.32 2.7 0.61 1.6 1.32 1.5
F15TO19 3.53 1.1 0.09 0.3 0.25 0.3 0.60 0.3 -0.48 -2.3 1.46 3.0 3.29 1.2 -041 -1.0 0.91 1.0
F20TO24 2.03 0.5 -0.48 -1.3 0.70 0.6/ -1.13 -0.5 -0.52 -2.2 0.34 0.6 3.92 1.3 -0.19 -0.5 0.48 0.5
F25TO60 1.46 0.5 -0.02 -0.1 -0.50 -0.5 1.64 0.9 0.21 1.0 0.30 0.6 3.02 1.1 0.22 0.6 0.25 0.3
HEDYRS 0.27 4.7 0.02 3.5 0.06 3.8 0.40 14.7 0.04 11.6 0.06 10.1 0.45 10.1 0.04 7.0 0.11 8.0
SC 0.25 0.8 0.05 14 0.00 -0.1f -0.60 -3.2 -0.05 22  -0.14 -3.0 -0.49 -1.7 -0.08 -2.0 -0.03 -04
ST 0.42 0.2 0.05 0.2 0.41 0.6] -1.32 -2.3  -0.17 -25  -0.20 -1.3| -0.82 -1.3  -0.11 -1.4  -0.05 -0.2
MUSLIM -0.86 -0.7 -0.03 -0.2  -0.30 -0.9| -1.27 -6.2 -0.16 -7.0 -0.18 -3.4| -1.51 -5.0 -0.15 -3.8 -0.36 -3.7
CHRISTN 0.31 0.5 -0.01 -0.1 -0.01 -0.1 5.24 1.2 0.79 0.9] -0.07 -0.1 0.11 1.0 -0.06 -0.2
WAGELAB -0.55 -1.7 -0.04 -1.1 0.02 0.2 -0.42 -2.0 -0.04 -1.9 -0.03 -0.5| -0.36 -1.3  -0.09 -2.6 0.06 0.6
INTERCEP -20.67 -4.8 -5.05 -4.0| -2.65 -1.2 -0.75 -1.3| -7.49 2.1 -1.62 -1.3
AdjustedRz 0.1676 0.3388 0.1040 0.1671 0.2009 0.1489 0.2490 0.2532 0.2736
N 916 916 624 3337 3337 2229 1243 1243 768
Depvar mean 0.0350 0.6812 -3.4513 0.0363 0.6679 -3.3172 0.0292 0.6179 -3.64
Exp. elasticity 1.67 1.00 1.31
p-value of
F-test
Age 5-9 0.11 0.01 0.59 0.11 0.00 0.64 0.58 0.30 0.92
Age 10-14 0.22 0.07 0.45 0.38 0.00 0.68 0.15 0.86 0.52
Age 15-19 0.30 0.09 0.29 0.00 0.00 0.00 0.10 0.12 0.12
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Appendix Table 1, continued

Assam
Unconditional Probit Conditional
oLS oLS
Dep. variable (ESHARE) (ANYEDEXP) (LNESHARE)
coeff t-value  marginal t-value coeff t-value
x 100 effect
Variable
LNPCE 0.98 2.4 0.13 3.4 -0.22 2.1
LNHHSIZE 2.19 3.7 0.42 7.2 -0.11 -0.7
MOTO4 2.41 0.6 -0.45 -1.3 0.35 0.3
M5TO9 8.87 2.3 0.50 14 0.97 0.9
M10TO14 15.24 3.9 0.76 2.1 2.76 2.7
M15TO19 18.83 4.5 0.22 0.6 2.99 2.7
M20TO24 8.22 1.9 -0.71 -1.9 3.18 2.7
M25TO60 2.35 0.6 -0.48 -1.3 0.73 0.7
M61MORE 0.86 0.2 -0.35 -0.8 0.73 0.6
FOTO4 3.64 0.9 -0.39 -1.1 0.71 0.7
F5TO9 8.99 2.3 0.44 1.3 0.47 0.5
F10TO14 11.73 2.9 0.59 1.6 1.79 1.7
F15TO19 14.93 3.6 0.41 1.1 2.27 2.1
F20TO24 13.97 3.1 -042 -1.1 1.78 14
F25TO60 11.79 29 -0.13 -04 1.80 1.6
HEDYRS 0.51 8.9 0.03 7.0 0.11 7.0
SC -2.03 -4.1  -0.04 -0.8 -0.52 -4.2
ST 0.16 0.4 0.02 0.6 0.20 2.0
MUSLIM -1.88 -4.4  -0.30 -6.5 -0.29 -2.4
CHRISTN -1.40 -2.8 -0.04 -0.9 -0.18 -1.5
WAGELAB -0.24 -0.5 -0.11 2.3 -0.14 -1.0
INTERCEP | -17.03 -3.4 -3.23 2.4
AdjustedRz 0.2647 0.3038 0.2051
N 941 941 707
Depvar mean 0.0428 0.7513 -3.3651
Exp. elasticity 1.23
p-value of
F-test
Age 5-9 0.94 0.73 0.24
Age 10-14 0.13 0.50 0.08
Age 15-19 0.14 0.44 0.31
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Figure 1

43



dmep

age==1 age==

ra
l — —
or por
gu
5| a tn i up
: gu up ra bi mp ma tn
pu
hwa E‘&ﬁj heP h pu as
A a%e ha " ka P
0 - whs
-5 I I I
-.05 0 05
age==
11 ra
bi ap mp o
5 ma ha
b ka up
gqu hp
0 ke pu
as
-5 I I T
-.05 0 05 1
dmeols

Graphs by age

DMEp is the male-female Difference in MaaliEffects in the probit of ANYEDEXP.
DMEdols is the male-female Difference in blaal Effects in the OLS of LNESHARE.

Figure 2
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