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Abstract 

  The thesis attempts to understand the mathematics learning inequality among the Indian 

children from the states of Andhra Pradesh and Telangana. We have used the longitudinal dataset, Young 

Lives Survey, for the older cohort for round three and four in the analysis. Based on the literature we have 

identified three benchmarks on which we explore the learning difference between these children. These 

benchmarks include the parental schooling status of the young lives children, the type of school they have 

last attended/or attending, and the division of their mathematics score in respective survey rounds. 

 In the first chapter we look into the mathematics learning inequality among the Indian children 

using the fourth round of Young Lives Survey data based on the schooling status of both of their parents. 

We look into the inequality alongside a set of background characteristics around which the children are 

growing. We first find that the children of schooled parents have better characteristics as compared to the 

children of non-schooled parents. We then study the mathematics learning gap with respect to background 

characteristics using the threefold Blinder-Oaxaca decomposition. We find that these differences play a 

crucial role in determining the extent of the gap in learning. The crucial findings in this chapter suggests 

that the differences in the background characteristics explain a part of the learning difference between the 

groups of children. Moreover, the differential returns to those background features explain the inequality 

as well. We also learn that the schooling cost (spent in the last academic year) is the consistent contributor 

to the learning difference between the children of schooled and non-schooled parents. The gap in average 

years of schooling between the children of schooled and non-schooled parents also contributes to the 

learning difference. English language score difference between them is another important contributor to 

the learning difference on mathematics. Gender of the child as well as the household quality explain a 

marginal part of the learning difference between them as well. In continuation, the next chapter discusses 

mathematics learning difference between them at two points in their lives, four years apart. We learn that 

the primary cause of the learning gap is the differences in average background features between them. We 

also learn that the schooling cost consistently contributes the most to the learning gap. The most important 

finding is the sudden significance of years of schooling on learning gap, the gap (in years of schooling) 

on which has magnified between these children in just four years. 

Departing from the previous two chapters, in the next chapter we explore the mathematics learning 

difference between the children of private schools and public schools. We categorize the children into 

those who have attended/attending private school and public school attended/attending. The first thing 

that we notice is that there is a clear significant inequality in mathematics learning between the children 

of private schools and public school. Going into their background characteristics we learn that the children 

of private schools have better background characteristics compared to the children of public schools. After 

further exploration of the learning difference with respect to these background features difference, using 

again, the threefold Blinder-Oaxaca decomposition, we find that the entire difference between these 

children is because of the background features difference (endowments effect). Furthermore, we find how 

if the children of public school had had similar average features as the children of private schools, not 

only would they have performed better, in fact they would have performed better than the children of 

private schools. Furthermore, in the next chapter we research the same gap in average mathematics 
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learning between the children of private and public schools at two points four years apart. We find that it 

is the difference in the average endowments between the two which consistently explains the gap in 

average performance between them. We also find the role of differential impact of the background 

characteristics on the average learning outcome of children on the first point. The most important and 

consistent contributor to the endowment effect is the schooling cost and the time allocation on studies. 

One striking result is the now significant contribution of the gap in average years of schooling which is 

worrying because these children are from the same age group. We find that with the average features and 

returns of the private school children, not only the gap between them would have been removed but, in 

fact, they would have performed better than the private school children. 

In the next two chapter, unlike the previous chapters, we approach the children directly from 

the direction of their mathematics learning outcome. We divide the children into two groups, better-

performing children and rest of the children. The children who have scored sixty percent and above marks 

have been categorized as better performing and the remaining as rest. The former have better background 

characteristics on an average as compared to the latter. Using, again, the Blinder-Oaxaca decomposition, 

we find that a large part of learning difference is explained by the differences in their characteristics, which 

is significantly better for the better performing children. Moreover, the impact of these differences in the 

form of average returns they reap for both the groups is significantly different where it is better for the 

former. And in continuation from this chapter, the next chapter studies mathematics learning gaps at two 

points in time where the gap between the points is four years. We find that when the children were younger 

the private schooling effect was the core contributor towards this learning gap. When these children got 

older, the effect vanished and the gap in average years of schooling, which has magnified during this time 

between these groups of children, contributes most to this learning gap. 

JEL: I20, I21, I24, I25, I29 

Keywords: Mathematics Learning; Blinder-Oaxaca Decomposition; Endowment Effect; Coefficient 

Effect; Years of schooling; Parental Schooling; Schooling Cost; Gender 
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1. Introduction 

 

The Trends in Mathematics and Science Study (TIMSS-2003) were applied on Indian children by the 

World Bank in 2006, where questions were asked to the secondary school going children from the states 

of Rajasthan and Orissa. The average learning outcome on mathematics and science of these children was 

found not only different but significantly poor than the international average on the same test (Kingdon, 

2007). The international mean achievement in the mathematics test scores were 52 per cent for grade 

eighth students but the average scores of Rajasthan and Orissa students on the same test were 34 and 37 

per cent respectively (Kingdon, 2007). Similarly, the international mean achievement was 57 per cent for 

grade 12 students but the corresponding scores for the Indian students were 44 and 38 per cent in Rajasthan 

and Orissa respectively.  There are studies that have pointed out factors that have an impact on the 

academic performance of children with respect to various characteristics. The important factors that have 

been discussed includes socio-economic background of children, parental education, type of schooling, 

child related features etc.  

The public expenditure on education in India as a percentage of GDP has been increasing over the 

years and marginally since 2010. The budgeted provision on the revenue account for education for the 

year 2018-19 by the education departments of the states/UTs and the Centre works out to be 539351.41 

crores. This number stood at 433342.37 crores, during 2013-14 to 2015-16 according to the analysis of 

budgeted expenditure by the Ministry of Human Resource Development. As a percentage of GDP the 
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government expenditure on GDP had been increasing marginally since 2010 to 2012, from 3.378% to 

3.868% respectively.1 

The Annual Status of Education Report (ASER) 2005 concludes that the increase in the financial 

resources towards education does not reflect in the levels of learning in primary education (ASER, 2005). 

ASER’s later reports conclude that there is a decline in the ability to do basic math nationally, which is 

visible across all classes (ASER, 2010). However, there are states in India that perform better as compared 

to the national average. The National Achievement Survey (NAS, 2014) class III (cycle 3) finds no 

significant difference in the performance of students form Andhra Pradesh and the national average in 

language whereas former’s performance is significantly better than the national average on mathematics. 

The learning outcomes of children has been extensively researched in the previous literature. 

In those studies there are various internationally recognized tests that have been put to use to explore the 

learning outcomes. The Trends in International Mathematics and Science Study (TIMSS) is a cross-

national comparative study of 4th and 8th grade students in mathematics in science. The test is coordinated 

by the International Association for Evaluation of Educational Achievements (IEA) where 46 countries 

participate. There are two dimensions to TIMSS, namely, the content dimension and the cognitive 

dimension. The first one concerns the subject matter to be assessed and the second one the thinking 

process. The mathematics part of TIMSS includes number, geometry (shapes and measures), data display, 

Algebra, data and chance, as well as reasoning. The data obtained from the tests has been widely used in 

several literature to explore the learning outcomes of children in varied contexts. 

Similarly, the Programme for International Student Assessment (PISA) is another 

internationally recognized measure/data to collect information about students’ achievement. PISA is a 

                                                           
1 https://data.worldbank.org/indicator/SE.XPD.TOTL.GD.ZS?end=2016&locations=IN&start=1997&view=chart 

https://mhrd.gov.in/nas_class3
https://data.worldbank.org/indicator/SE.XPD.TOTL.GD.ZS?end=2016&locations=IN&start=1997&view=chart
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programme of OECD member countries to assess children at the age of 15 (because at this age majority 

of them are finishing schooling in the member countries) by combining the assessment of domain specific 

cognitive areas such as science, mathematics and reading. The test PISA are internationally standardized 

and are used in several literature on educational achievement literature since its inception in 2000. The 

first cycle of PISA was implemented in 43 countries (32 in 2000 and 11 in 2002). In the second cycle in 

2003 41 countries participated and 56 countries participated in the third cycle in 2006. The idea of this 

programme is to explore the important knowledge and skills of the children form the member countries. 

In India, Annual Status of Education Report (ASER) looks into the learning of the children 

from across all the states. They do a nationwide survey of children’s ability to read simple text and do 

basic arithmetic to get an idea of how much the children are learning over the years. The first survey of 

ASER was done in late 2005 and they have done the same survey every year since. This is a largest 

household survey of children in India by citizens’ groups where 25,000 volunteers approach 750,000 

children in 15,000 villages each year. This is the only annual source of information regarding the learning 

levels of children available in India today. The reports provided by ASER are used widely to study and 

frame policy aspects on education. Similarly, the National Achievement Survey (NAS) is also available 

for the Indian children. NAS is a large-scale, nationally representative survey to capture the learning of 

students which is conducted by the Ministry of Education. 

Borrowing the ideas and methods from TIMSS and PISA, Young Lives Survey (YLS-the 

dataset that has been used in this thesis) designed the survey questions on mathematics, reading (English), 

and Telegu. TIMSS and PISA questionnaires were a great influence on the framing of questionnaires that 

were used in the four rounds of YLS. There are other student assessment tests available which are also 

used in the previous literature such as National Achievement Survey (NAS), Early Grade Reading 

Assessment (EGRA) and Early Grade Mathematics Assessment (EGMA). The educational outcome in 
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general and learning outcome of children in particular has been studied in relation to several background 

characteristics of children in the previous literature. The upcoming sections talks in detail about the 

previous literature on the learning outcomes of children in relation to their varied background 

characteristics. 

1.1 Learning outcomes and Background features 

In India there are a number of studies that have explored the connection between various 

background characteristics and academic achievement of children. Chowdhury and Ghosh (2011) in their 

primary study of children from Purulia district of West Bengal, analyze the connection between cognitive 

development and Socio-economic Status (SES-which captures education, occupation, and income). They 

find that vulnerability in the SES of children is a core cause of poor cognitive development. On a different 

line, Das et al. (2013) in their experimental primary study of children from India and Zambia, research 

the connection between the anticipated and unanticipated school grants, household private educational 

spending and educational achievement. The results suggest that there is a connection between the grants 

and the educational outcomes of children through the household spending in both of the studied countries. 

Muralidharan and Sundararaman (2015) have done an experimental study of the Indian children from the 

state of Andhra Pradesh (AP) based on the AP school choice project (which included five district across 

AP-180 villages). They find that no difference in some situations on some aspects (subjects) of learning 

outcomes of AP. Using the YLS, India, Singh and Mukherjee (2019) have explored the connection 

between the type of pre-schools attended and cognitive skills of children. They find that there is a strong 

association between the type of pre-school attended and cognitive outcomes of children. Those who have 

attended private pre-school are more likely to achieve higher mathematics score.  

The thesis has used the YL dataset, there are studies that have used this dataset to explore the 

academic achievement of children from Ethiopia, Peru, Vietnam, and India. For instance, Dercon and 
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Krishnan (2009) using the whole YL data for the four surveyed countries, explored the connection between 

poverty and psycho-social competencies (self-efficacy, sense of inclusion, self-esteem and educational 

aspirations) which also includes their educational aspirations. Similarly, Crookston et al. (2014) using the 

whole dataset studies the relationship between SES and child growth and changes in cognitive 

achievement scores in adolescents in resource poor settings. They find a consistent and strong association 

between parental schooling, wealth and child growth with their cognitive achievement. There are studies 

which have used just one YL country in their research. Glewwe et al. (2015) in their YL, Vietnam study 

researched the determinants of learning outcome gaps among ethnic minority students and Kinh using the 

Blinder Oaxaca decomposition. They find that the parental education explain a large gap between these 

children. Higher income among Kinh household, more time in school, and more years of schooling 

explains the gap in learning between them. Similarly, Using the Ethiopia YL, Sanfo and Ogawa (2021) 

using the Blinder-Oaxaca decomposition study the rural-urban learning gaps in Mathematics and English. 

They find that the majority of this gap is explained by the student background characteristics differences. 

There are studies that are done in lower income countries to explore the connection between the 

academic achievement and background characteristics. Zhang (2006) in their research of Sub-Saharan 

Africa, researched the learning disadvantage of rural primary school students. Their study find that the 

rural students underperformed as compared to their urban counterparts by a large extent. And Li and Qiu 

(2018) in their study of Chinese children talk about the connection between the family background 

characteristics child’s academic achievements at an early stage. Their results suggest that the urban 

students’ academic performance are more severely influenced by their SES compared to the rural students.  

  A number of studies have established factors that have a key role to play in influencing the 

educational achievement of children in various socio-economic contexts. The socio-economic 

characteristics around which a child grows has an influence on the educational outcomes of children. 
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Studies (such as Witte, 1992; Kingdon, 1996; Kingdon, 2007; Desai et al. 2008; Goyal, 2009; Goyal and 

Pandey, 2009; Cobb et al. 2014; Arteaga and Glewwe, 2014; Glewwe et al. 2017) have talked about the 

socio-economic status of a family in relation to the academic achievement of children. Factors such as 

household expenditure/income, parental education level, household size etc. have been explored in these 

studies. There are studies (for instance Behram, 1996; Glewwe et. al., 2001; Paxson and Schady, 2007; 

Frisvold, 2015; Glewwe et. al., 2017; Belot and James, 2011; Mukherjee and Pal, 2016) that have 

discussed the child specific features with respect to the child’s achievement. Broadly, these studies have 

talked about the health, gender, and nutrition of child and its influence on their achievement. There is a 

stream of literature (for example Kingdon, 2007; Wadhwa, 2009; Desai et al. 2008; Goyal and Pandey, 

2009; Chudgar and Quin, 2012; Wamlawa and Burns, 2012; Singh, 2015) that talk about the association 

between attending private schools and the academic achievement of children. The majority of these studies 

have found a significant association between attending private schools and having a better performance 

score. A review of these studies establishes that there is a strong association between the educational 

achievement of child and the background features around which they are growing. This has been found in 

several studies along different contexts. 

1.2 Educational outcome and background features 

The educational outcomes of children in general are influenced by various factors.2 The factors 

that the previous literature has discussed includes the parental education and involvement as an important 

influencer to the educational outcomes. The parental involvement for example has an influence on the 

decision to continue with successive grades on the ladder of education (for example, Mare, 1979, 1980, 

                                                           
2There are various educational indicators that have been taken as an outcome variable which includes the 

mathematics/language etc. test scores (measure of academic performance), choice of schooling, decision to continue 

on the ladder of education. 
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and 1981). The study by Mare (1979) analyzes the influence of socio-economic background on the grade 

progression rates. This study uses the data for white males born between 1907 and 1951 obtained from 

Occupational Changes in a Generation (OCG) survey, 1973. Similarly, Duncan (1967, 1972) includes 

father’s occupation SES (Socio-economic Status) score among the socio-economic characteristics of the 

family. Apart from father’s education, this study also talks about the influence of mother’s education, the 

annual family income and the number of siblings, on the educational continuation decision.  This study 

finds that the post-secondary progression rates are less responsive to changes in the family background 

characteristics compared to earlier schooling progresses.3 Mare (1980), unlike the previous studies, uses 

the measure of child’s ability by merging the  OCG dataset used  in Mare (1979) with the 1964 survey of 

3000 veterans of United States’ military.4 The results in this study are similar to the ones reported in Mare 

(1979) i.e. the influence of these features on the educational continuation decision declines at successive 

grade transitions. The Armed Forces Qualifying Test (AFQT) scores in this study have been included as 

a measure of child’s ability. The inclusion of the AFQT scores enhances the predictive power of the model 

as compared to Mare (1979), at each level of schooling up to college. (Mare, 1980, 1981) using the OCG 

data studied the econometric models used in the education literature and compared the results obtained.5    

The comparison of the results from different models suggest that the influence of the socio-economic 

background features declines at successive grade transitions. This means as the child progresses he/she 

                                                           
3 The selected grades in Mare (1979) are whether the individual (1) completes 8th grade; (2) attends 9th grade given 

8th grade completion; (3) completes 12th grade given 9th grade attendance; (4) attends 13th grade given 12th grade 

completion; (5) completes 16th grade given attends 13th grade; and (6) attends 17th grade given 16th grade 

completion. There were approximately 33500 males surveyed by OCG. The progression rate here is the proportion of 

the children surveyed in OCG continuing education at successive selected grades. 
4 This survey gives the score on the Armed Forces Qualifying Test (AFQT) which here is used as a measure of child’s 

ability. 
5 The logistic response model of schooling continuation, linear probability model of schooling continuation decision, 

and linear model of highest grade completed. 
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becomes more independent from the family and the influence of the family on the probability that the 

child will continue further on the education ladder, declines.  

The parental education and involvement has an influence on the educational achievement of 

children as well. Duncan (1967) analyses the influence of various socio-economic features of a family on 

the educational achievement of the children. The study uses 1962 survey by United States Bureau of the 

census obtained for five year birth cohorts of adult males. The factors that this study considers include the 

number of siblings, family type6, family head’s education, and family head’s occupational SES score.7 

These influences have also been checked on the basis of the ethnic status of Americans surveyed. Overall, 

this study finds a stable relationship of family’s socio-economic features on the educational achievements 

of children over the period of time. The net effect of growing up in an intact family and the family head’s 

occupational SES score, both have a positive influence on the educational achievements of children. 

However, the effect of SES scores are greater for whites as compared to non-white Americans. This study 

points out the importance of growing up in an intact family, the family head’s education and family head’s 

economic status on the children’s choice of continuing education. Using the similar factors and the same 

dataset as Duncan (1967), Duncan (1972) uses the Blau-Duncan model of status attainment for the 

American children. The Blau-Duncan model is a three-stage casual sequence of social mobility.8 The first 

stage in this model is the level of education obtained by the father of the child. The second stage is the 

father’s job status after getting education in the first stage. The third stage speaks of the educational 

attainment of the child given the educational status and occupational status of child’s father. This study 

attempts to analyze the relationship between father’s education (family head) with father’s occupational 

                                                           
6 Family members living together or they are living separately. 
7Based on the occupational socio-economic status (SES) score which appears in J. Reiss, Jr., with the collaboration of 

Otis Dudley Duncan, Paul K. Hatt, and Cecil C. North, Occupations and Social Status (New York: Free Press of 

Glencoe, 1961). 
8 Peter M. Blau and Otis Dudley Duncan. The American Occupational Structure. New York: 1967 
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status and then with child’s educational achievement. The findings of this study suggests that there is a 

direct link between the father’s education and child’s education, and father’s education and child’s 

educational attainment. There is a substantial difference between the economic achievements of whites 

and non-whites. When this study analyzed the results based on the ethnic background of the child, as 

presented in Duncan (1967), the influence of these factors is found to be greater for white Americans as 

compared to non-white Americans. 

1.3 Socio-economic Status (SES) and educational achievement 

There are socio-economic factors that are discussed in the previous literature that have a significant 

influence on the educational achievement of children. Fan and Chen (2001) in their meta-analysis 

conducted to synthesize the quantitative literature about the relationship between parental involvement 

and students’ academic achievement. The findings reveal a small to moderate, and practically meaningful, 

relationship between parental involvement and academic achievement. Through moderator analysis, it 

was revealed that parental aspiration/expectation for children’s education achievement has the strongest 

relationship, whereas parental home supervision has the weakest relationship, with students’ academic 

achievement. Jeynes (2005) has done a meta-analysis of 41 studies examining the relationship between 

parental involvement and the academic achievement of urban elementary school children. Results indicate 

a significant relationship between parental involvement overall and academic achievement. Davis (2005) 

analyzes the academic achievement of children and how it is influenced by various socioeconomic 

characteristics of the family through parental beliefs. The data that has been used in the study is obtained 

from a national cross-sectional study of children of America. Jeynes (2007) had done a meta-analysis of 

52 studies to determine the influence of parental involvement and the educational outcomes of urban 

secondary school children. This study concludes that there is a significant influence of parental 

involvement on the educational outcomes of urban secondary school children. Leibowitz (1977) in a study 
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of children from California find that there is a significant positive relationship between mothers’ schooling 

and children’s test scores. Similarly, mothers’ cognitive test scores have significant effects on the 

mathematics test scores of children (in Crane, 1996; Todd and Wolpin, 2007) using American National 

Longitudinal Survey.9 Frisvold (2015) has pointed a connection between health/nutrition and learning 

outcome of American children. Artega and Glewwe (2014) studied the test score difference between the 

indigenous and non-indigenous children of Peru and tried to understand what is causing this difference 

between the performances of these two groups. The study, using the Blinder-Oaxaca decomposition on 

the Young Lives Survey of Peruvian children, finds that it is only parental education and child’s health 

that has a significant role to play in determining their performances on mathematics and vocabulary. For 

instance, Carriea and Yelowitz (2000) finds a positive relationship between the housing quality and the 

educational achievement of children in poor families in the United States. Davis (2005) finds an indirect 

influence of socio-economic features of a household on a child’s educational achievement.10  

The previous literature (such as Goldhaber, 1996; Kingdon, 2007; Desai et. al. 2008; Goyal, 2009; 

Goyal and Pandey, 2009; Chudgar and Quin, 2012; Wamalwa and Burns, 2018) talk, in one way or the 

other, about the better performance of private school going children as compared to the public school 

going children. These studies make important points pertaining to differences in the educational 

performances of public and private school going children. The discussion over the better performance of 

latter attributed largely to the choice of schooling is dealt with. These studies mention that there are certain 

factors behind a particular choice of school, say the economic privilege or better cognitive skills etc., that 

have a role to play too apart from just the choice of schooling that would have an influence on the 

educational performance of children. For instance, Goldhaber (1996) says that the public-private choice 

                                                           
9 Crane (1996) uses random sample of people from the entire country born between 1957 and 1964. Todd and Wolpin 

(2007) uses the National Longitudinal Surveys of Labor market Experience-Child sample. 
10 Mainly parental education and income. 
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of school as a policy initiative has the potential to improve the overall achievement of students. They have 

used the National Educational Longitudinal Study, 1988 (NELS88) of American children. In the context 

of India, Kingdon (1996) has also studied the Indian children for the state of Uttar Pradesh based on a 

prepared designed stratified random sample from the survey of schools in urban Lucknow. Desai et al. 

(2008), using the India Human Development Survey (IHDS 2005), provides a detailed description of 

public and private schools. Moreover, the considerations which eventually guides the parents to select 

private schools for their children. Goyal (2009) too studies the Indian children’s test score data, on Grade 

4 students, who are either attending public or private schools from Orissa, India. After correcting for 

selection, the results suggest an existence of private schooling effect. Goyal and Pandey (2009) have 

studied the systematic difference in then test scores of Indian children using the survey data of Indian 

children from the states of Uttar Pradesh and Madhya Pradesh. They have found that the private school 

children indeed have better scores than the public school children but the quality is low in both the types 

of schooling as they do not systematically differ in terms of the infrastructure. Similarly, Chudgar and 

Quin (2012) using the IHDS 2005 data, a nationally representative of Indian children explore the better 

performance of private school children on tests. They have found that the difference is insignificant when 

done using multivariate analysis on balanced data using the propensity score matching technique. There 

are other studies on India, for instance, Singh (2015) using the YLS of the Indian children. The author 

here has devised a value added model learning productivity (which, unlike previous studies, captures the 

whole history of a child’s environment to capture its effect on the productivity of learning) in government 

and private schools. The results have found that there are substantial gain from private school attendance 

on both language and mathematics. The student achievement is measured using adoptions of standardized 

tests of numeracy. Mukherjee and Pal (2016) explore the relationship of the parental expectations and 

child labor and schooling of the Indian children using the YLS. 
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1.4 Type of school, child characteristics and educational outcomes  

The enrolment in the private schooling in the rural India has been increasing over the years. One 

reason for this is the common perception that the private schools provide a better quality education 

(Wadhwa, 2009). There are studies that have found that the private school going children perform better 

than the public school going children. The private enrolment is associated with better child outcomes after 

controlling for family background characteristics (Desai, 2008). Similarly, (Chudgar and Quin, 2012; 

Wamlawa and Burns, 2012; Singh, 2015) have found an association between attending private schools 

and having better achievement outcomes. Wadhwa (2009) points out that the supplemental helps provided 

by parents at home like tuitions etc. also explains a part of this difference in the performance of these two 

types of schools. Uncontrolled differences are always greater than the actual attributable (to the choice of 

education) difference. There are studies that have found results unlike the ones discussed previously (for 

instance, Goldhaber, 1996) where the overall private schools have no significant advantages in education 

on mathematics and reading.  Goyal and Pandey (2009) finds that the private performance is better than 

the public schools however the quality of both is low in both the cases. There are studies that talk about 

the characteristics that determine the differences in the performance of private and public school children, 

such as, the household and child characteristics (in Witte, 1992; Kingdon, 2007), cost effectiveness of 

private schools (in Kingdon, 1996; Goyal, 2009). Witte (1992) has also done an analysis of the test score 

difference between the public and private school children using the NELS88 data on the American 

children. Wamlawa and Burns (2018) have studied the connection between the private school attendance 

and literacy and numeracy skill acquisitions using the Kenyan third round Uwezo Survey (2012). They 

too have found, just like Singh (2015) that private school attendance entails substantial gains to language 

and numeracy.  
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There are studies on the educational achievement of the children as influenced by the child related 

features. Behrman (1996) finds that the health of a child and the nutrition have a strong positive association 

on their educational achievement. This study has used the survey of status on health and status in 

establishing the connection and causality. Glewwe et. al. (2001) on a similar line analyzes nutrition-

learning connection, and they find that nourishment of a child is positively associated with the educational 

performance of a child in school using the longitudinal Filipino data (Cebu Longitudinal Health and 

Nutrition Survey). Glewwe et. al. (2014) looks also at the gender based differences in the educational 

achievement along with the nutritional difference and they find a similar influence like the previous 

studies. Mukherjee and Pal (2016) finds a positive influence of the health of child on the probability of 

school going children in India.  The connection between the cognitive development and SES has also been 

explored by Paxson and Schady (2007) using a sample of 3000 children who were poor preschool aged. 

These Ecuadorian children have been found to have an association between the household wealth and 

parental education with higher scores.  

1.5 Parental education and involvement, and educational outcomes 

 

The previous literature suggests that the educational level of parents and the involvement from 

their side has an influence on the educational outcomes of children. Duncan (1967) in their study finds 

that there is a positive influence of family head’s education on the educational achievement of five year 

birth cohorts of adult males in the United States of America. Similarly, Duncan (1972) finds that there is 

a direct relationship between the father’s education and child’s education, and father’s education and 

child’s educational achievement.11 Duncan (1967, 1972) also finds a positive influence of mother’s 

education on the probability of continuing education to further grades, given that the children are already 

                                                           
11 Using 1962 survey by the United States Bureau as used in Duncan (1967). 
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in school. On a similar line, Mare (1980, 1981) finds a positive influence of the parental education on the 

educational continuation probability of school going children in the United States. Unlike the studies 

mentioned before, Fan and Chen (2001) have done a meta-analysis that reveals there is a significant and 

meaningful relationship between the involvement of parents and the academic achievement of elementary 

school going children.12 The parental educational aspirations for children is found to have the strongest 

relationship. Just like Fan and Chen (2001), Jeynes (2005) in their meta-analysis of forty one studies 

conclude that there is a significant relationship between overall parental involvement and child’s academic 

achievement of urban elementary school going children.13 Davis (2005) again looks into the parental 

education like the previous studies find that there is an indirect positive influence of parental education on 

the educational achievement of a child. The study finds that the educational achievement relates indirectly 

to the parental beliefs and behavior. And Jeynes (2007) in their meta-analysis of fifty two studies find that 

the parental involvement influences all the academic variables and the influence of parental involvement 

overall is significant for secondary school. Artega and Glewwe (2014) concludes like the previous studies 

that the parental education is an important determinant of mathematics test score (a measure of academic 

achievement in their study) of the children in Peru.  

1.6 Household factors and educational outcomes 

 

Duncan (1967, 1972) finds that the influence of the household size on the educational continuation 

probability of school going children in the United States is negative. They find that the influence of the 

household expenditure has a negative influence on the probability of continuing education too. Carriea 

and Yelowitz (2000) finds a positive relationship between the housing quality and the educational 

                                                           
12 The involvement is broadly defined as: parental aspiration/expectation for children’s education achievement and 

parental home supervision. 
13 The study talks about the overall as well as subcategories of involvement from the side of the parents. 
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achievement of children in poor families in the United States. Davis (2005) just like the previous studies 

finds an indirect influence of socio-economic features of a household on a child’s educational 

achievement.14 Jeynes (2007) examines the socio-economic status of households and find its significant 

influence on the educational achievement of children. Just like Duncan (1967, 1972), Cobb et. al. (2014) 

too finds a negative influence of the household expenditure on the educational outcome of school going 

children.  Glewwe et. al. (2014) analyzed the learning outcomes of a school from the perspective of 

advantaged and disadvantaged children in the developing countries. They find no significant 

discrimination but they do find a significant lack in learning outcomes of children coming from a lower 

cognitive skills. There are studies that suggest that the academic performance of children has a positive 

influence on the probability of continuing education. For instance (Mare, 1979; Mare, 1980; Breen and 

Jonsson, 2000; Mukherjee and Pal, 2016) have discussed the role academic performance of a child plays 

on the educational continuation decision of the children. The study by Mare (1979) analyzes the influence 

of socio-economic background on the grade progression rates. This study uses the data for white males 

born between 1907 and 1951 obtained from Occupational Changes in a Generation (OCG) survey, 1973. 

Similar to Duncan (1967, 1972), this study includes father’s occupation Socio Economic Status (SES) 

score among the socio-economic characteristics of the family. Apart from father’s education, this study 

also talks about the influence of mother’s education, the annual family income and the number of siblings 

the child has, on the educational continuation decision. This study finds that the post-secondary 

progression rates are less responsive to changes in the family background characteristics compared to 

earlier schooling progresses. Mare (1980), unlike the previous studies, uses the measure of child’s ability 

by merging the OCG dataset used in Mare (1979) with the 1964 survey of 3000 veterans of United States’ 

military. The results in this study are similar to the ones reported in Mare (1979) i.e. the influence of these 

                                                           
14 Mainly parental education and income. 
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features on the educational continuation decision declines at successive grade transitions.  Behrman (1996) 

finds that the health of a child and the nutrition have a strong positive association on their educational 

achievement. Glewwe et. al. (2001) on a similar line analyzes nutrition-learning connection, and they find 

that nourishment of a child is positively associated with the educational performance of a child in school. 

Glewwe et. al. (2014) looks also at the gender based differences in the educational achievement along 

with the nutritional difference and they find a similar influence like the previous studies. Mukherjee and 

Pal (2016) finds a positive influence of the health of child on the probability of school going children in 

India.  

1.7 Research Objectives/Directions  

 

In this thesis we study the mathematics learning outcome of Indian children (from united Andhra 

Pradesh) using the Young Lives Survey (YL henceforth) which is a longitudinal survey collecting 

information on children since 2002, every four years. The survey has so far released four rounds of data. 

In each round YL collected information about children’s learning achievement with the help of language 

and mathematics tests (Galab et al. 2014a). The mathematics test for the older cohort in round 3 of the 

Indian children comprised of two sections. The first section included 20 items on addition, subtraction, 

multiplication, division, and square roots which allowed for eight minutes of solving time. The second 

section included 10 items on mathematics problem solving, which is publicly available on TIMSS and 

PISA (Cueto and Leon, 2012). This section allowed for ten minutes to attempt to the questions. Similarly, 

the round 4 test included problems on basic mathematics (addition, subtraction, division, and 

multiplication) which were more than double digit problems. This also included decimal problems, 

percentage, and mathematics problem solving. 
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 The YL’s preliminary findings for the latter round (fourth) points out that although there is an 

increasing choice of private schools, the gap is magnifying between the proportion of boys attending 

private schools compared to girls attending private schools over the years (Galab et. al. 2014a). We study 

the mathematics learning gaps among the children of united Andhra Pradesh based on three benchmark 

characteristics. The first one is the educational status of YL children’s parents where we have divided the 

children into two groups, each on the basis of whether their mother/father is schooled or non-schooled. 

Second, we have divided them on the basis of the type of school they have last attended or attending, 

public or private school. And lastly, we have divided them directly on the basis of their mathematics test 

performance: better performing children (who have scored sixty percent and above marks on mathematics 

test at the time of third and fourth round survey) and rest of the children.  

This research intends to look into the differences in the mathematics performance of the children 

of the Young Lives Survey from the united Andhra Pradesh. There are various aspects based on which 

there exists a gap in mean performance of children, for e.g. based on the mothers/fathers education, based 

on the type of schooling they receive, also based on the gender of the child, all of which have been 

thoroughly researched in the previous literature. The idea behind this research is to explore the 

mathematics learning inequality among the Indian children on the basis of three benchmarks. Furthermore, 

we have attempted to place those learning inequalities in the larger context of their background features 

differences. Starting with the usage of the fourth round YL data for the older cohort, India, we intend to 

use the third round of the data as well.15 As the data that this research proposes to use is a longitudinal 

survey, the idea is to look into these factors first, at a particular point in time, starting from round 4, then 

extending it to two point by including the third round dataset as well. This would give an idea of the mean 

educational performance differences at a particular point in time and then putting the data of two rounds, 

                                                           
15 The study proposes to use the Young Lives Survey (YLS henceforth) which is a longitudinal survey that has five 

rounds of data collected. The details of this is explained in the upcoming section. 
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would portray the pattern of educational performance differences overtime. The benchmarks based on 

which this research looks into the differences in the average mathematics performance includes the fathers 

(and mothers) schooling status, type of schooling attended/attending, and division of scores received.16  

Looking at the differences in the average mathematics performance based on various factors at a point in 

time and then putting the third round dataset too together and looking at the same factors overtime would 

portray a picture of the movement of the gap in average performance differences with respect to various 

factors, first at a particular point in time and then at two points of time. Moving ahead then this research 

would give an idea of point difference and shall also throw a picture of the pattern in the movement in 

those differences over the given period of this survey up until the fourth round. 

We aim to decompose the gaps in these averages on these benchmarks. The methodology that we 

use to do this is borrowed from the wage literature. The decomposition methodology deployed here is the 

Blinder-Oaxaca decomposition. We have done the exercise using the threefold Blinder-Oaxaca 

decomposition. There have been previous studies which have used the Blinder-Oaxaca decomposition to 

study the achievement gaps among children. For instance, Ammermuller (2007b), using the PISA-2000, 

has studied the achievement gap between the German and Finnish children. Zhang and Lee (2011) have 

also used this decomposition technique, using PISA-2006, to study the achievement gap between the 

OECD countries. Burger (2011) too studies the achievement gaps between the urban and rural Zambian 

children using the SAMCEQ-II (South Africa Consortium for Monitoring Educational Quality) dataset. 

Baird (2012) studies the achievement gaps (using TIMSS for 2003) between the children with high socio-

economic status (SES) and lower SES among 19 high income countries. Another interesting study using 

the Blinder-Oaxaca technique is by Barrera-Osorio et al. (2011) which studies the achievement 

improvement of the Indonesian children between two points using PISA 2003 and 2006. The two point 

                                                           
16 The third benchmark has divided the data based directly on the performance of the children which is, who have 

scored sixty percent and above as better performing children and rest of the children as the other category. 
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studies that we have done in the context of India are none. This is where this study fills the gap in literature 

and provides valuable insights into the mathematics performance gaps among the Indian children. We 

decompose the gaps in the average mathematics performance among these Indian children based on the 

above discussed benchmarks using the threefold Blinder-Oaxaca decomposition.  

1.8 Research chapters 

 

In chapter 2.0 we describe the dataset that we have used for the purpose of our research. The 

source of the data along with the sampling methodology was described. We also provide details about the 

limitations of the dataset and also the limits of inference that is to be kept in mind while reading the results 

from the chapters. This chapter also details the variables that we have used in the thesis based on the 

literature and the context of India. We give basic descriptive statistics of the dataset as well as the 

preliminary observations from the statistics. Moving on, we give a detailed information on the 

decomposition methodology that we have used in all our main chapters where we derived the methodology 

and explained how the results obtained from this are to be read. 

The mathematics learning gap between the children of schooled and non-schooled parents, 

which is this thesis’ first benchmark, has been explored in chapters 3.0 and 3.1. In chapter 3.0 we use the 

fourth round of YLS for the older cohort. We see that the children of schooled parents (separately for 

mothers’ and fathers’ schooling status) have better scores on mathematics compared to the children of 

non-schooled parents which is significant. Looking into their different background features we see that 

the children of schooled parents have better background characteristics compared to the children of non-

schooled parents. Using then, the threefold Blinder-Oaxaca decomposition, we place the significant 

learning difference between them in the context of their differences in the background. Similarly, chapter 
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3.1 extends this idea where we put to use the third round data, when these children were four years 

younger. Then we do the same exercise at that point as well and report our results. 

The second benchmark on which we explore the mathematics learning difference between the 

YL children has been discussed in chapters 4.0 and 4.1. We have categorized the children who have 

attended private school last or are attending private schools currently have been categorized as one. And 

similarly the other are those who have attended public school last or are attending public schools currently. 

We use just the round 4 dataset for chapter 4.0. We learn from here that the children of private schools 

have better mathematics learning outcomes compared to the children of public schools. We also learn 

from this chapter that the children of private schools have, on an average, better background characteristics 

compared to the children of public schools. Using again the threefold Blinder-Oaxaca decomposition we 

breakdown the differences in average learning between these groups of children in the context of the 

differences in their average background. Extending that idea, in chapter 4.1, we repeat the same exercise 

by incorporating the round three data as well when these children were four years younger. And we read 

the results of both the rounds together and report our findings in this chapter. 

The last benchmark on which we study the mathematics learning inequality in chapter 5.0 and 

5.1, employs and unconventional approach in categorization of these children. Unlike the previous two 

benchmarks where we divided the children on the basis of their background (parental education and type 

of school attended), here we divide the directly on the basis of their mathematics score. The children who 

have scored sixty percent and above marks are categorized as the better performing children and the 

remaining as rest. And we learn from chapter 5.0, where we use only round four data, that the better 

performing children have better background features compared to the rest of the children. Using the 

Blinder-Oaxaca decomposition we breakdown the difference in average mathematics learning in the 

context of their background features. Similarly, in chapter 5.1 we repeat the same idea when the children 
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were four years younger in round 3. We read the results of both the rounds together and report our findings 

and conclusion here. 

And in chapter 6 we summarize the results obtained from the thesis and chart out the core 

contributor towards the mathematics learning. We also write about the policies that are directed by the 

results that we obtain form this thesis. The thesis also talks about the limitations and discussions in the 

very last section of this chapter. 
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2. Data, Variables, and Methodology 
 

2.1 About Young Lives Survey, India 

 

India is home to the second largest population more than a quarter of which are children. Despite 

huge population advantage India has, it still performs badly in terms of various socio-economic indicators. 

The stark inequalities between socio-economic groups in terms of wealth, education, welfare accessibility, 

and mobility in poverty are deeply entrenched in its fabric. A humungous population still lives on less 

than $2 a day couple that with a quarter of all the child death globally, occur in India. The Young Lives 

study had been doing a longitudinal survey in India in two southern states of Andhra Pradesh and 

Telangana. Together they have a population of 85 million. Young Lives Survey (YLS henceforth) is an 

international study (in four developing countries) with the aim to trace the lives of children from poor 

economic background, alongside tracking the changing nature of poverty. The lives of 12,000 children 

traced by YLS are from Ethiopia, India (Andhra Pradesh and Telangana), Peru, and Vietnam, in a 

collaborative research. The project is coordinated by a team based at the University of Oxford partnering 

with teams based in the surveyed countries (government, academics, and NGOs). The countries of focus 

were chosen to reflect the cultural, socio-economic, and political diversity in this project. With the help 

of large-scale household surveys of children, primary caregiver, as well as in depth interviews of groups 

of children (with a more detailed interactions with the teachers and community representatives) this survey 

has collected a plethora of information. The aim here is to record a holistic set of environment around 

which these children are growing up over the years. This includes information, not restricted to just their 

material and social circumstances, but to their own understanding of aspirations and current status in their 

lives. This survey has been tracing these children for over 15 years now. The changes occurring in their 

lives since they were children to now when they are adults has been recorded. The five rounds of data 
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along with an in depth nested qualitative interviews is a rich set of information to explore and study. Our 

thesis uses two rounds of Young Lives Survey data for India (United Andhra Pradesh).17 The survey is 

based on a pro-poor sample which has nearly an equal number of boys and girls, based both in rural and 

urban communities. The 3000 children in the Indian survey were selected from 20 sentinel sites spread 

now across two aforementioned southern Indian states. The sites have been defined specifically for each 

country. The sentinel site sampling methodology used in the YL is a form of purposive sampling. The 

observations in the sample represent a certain type of population.18 As the YL is a longitudinal study, a 

prolonged contact with the observations had to be maintained. In order to ensure that YL is able to 

maintain this contact over a long period, this methodology was most suited. We must note here that the 

YL sample is not strictly statistically representative of the population. Keane et al. (2018) mentions that 

the YLS has a pro-poor sample bias. In our study, the eventual number of observation has reduced, 

primarily because of the missing information on certain variables. So, the analysis and inferences made in 

our chapters have to be seen in this light. This is bound to affect the generalizability of our study. 

The sampling method deployed in the data collection is a form of purposive sampling (Galab et. 

al. 2014).19 This survey is repeated on the same set of children every four years. We have made use of the 

third and fourth round data for the older cohort on India in our thesis released in 2010 and 2014 

respectively. The survey in India was conducted on two age cohorts, young and old, where the younger 

cohort was approximately 8 months of age when the survey began in the year 2002 and the older cohort 

                                                           
17 The Indian state selected for this survey was Andhra Pradesh when the survey began in 2002. The state was 

bifurcated into two separate states in 2014, now the surveyed children belong to either one of the two states. 
18 Young Lives study has made use of ‘sentinel site’ methodology, which they have borrowed from health surveillance 

studies. This is a form of purposive sampling where these sites represent a certain type of population. The method 

produces broadly (but not strictly statistically) representative picture. In the Indian Young Lives, sentinel site was 

defined as a mandal. The state (then Andhra Pradesh) was divided into 23 administrative districts, each of which were 

again sub-divided into mandals depending on the size of the district. The state of Andhra Pradesh had 1125 mandals 

and about 27000 villages. More details are available at Young Lives Survey website here. 
19 Or ‘cluster’ in the language of sampling. 

https://www.younglives-india.org/our-sample-and-survey-methods
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was around 8 years of age at that time. The YL employed a kind of purposive sampling they decided to 

cover a range of population had to be surveyed, although poorer families were over surveyed. The children 

were surveyed in a geographic clusters where the selection was done on the basis of semi-purposive 

approach. In each of those clusters, the selection of children was random. The two cohorts of children that 

were surveyed were intended for comparison. In each of these countries, 2000 children aged between 6-8 

months were tracked and followed as they grew up to 15 years of age. A similar sample of 1000 children 

aged between7.5-8.5 years were selected as older cohort for comparison. 

The sampling sites for the YL survey were chosen in 2001. First, the districts were chosen and 

then the 20 sentinel sites form within those districts were decided upon based on a set of criteria. In each 

of those sentinel sites, 100 households where with a child born in 2001-02 and 50 households with a child 

born during 1994-95 were taken into consideration where both were randomly selected. If there was a case 

of where a household had children who fell in both of the categories, the younger ones were chosen since 

they comprised a greater number of surveyed children. The sentinel sites in India were defined as Mandal. 

Where the old state of Andhra Pradesh was divided into 23 administrative districts, and each of which was 

divided into Mandals based on the population size of those. In sum, 1125 Mandals and around 27,000 

villages were considered, where generally 20-40 villages were there in each Mandal. However, in the 

tribal areas there were as many as 200 villages.20 The 20 sentinel sites are shown in the map below. 

 

 

 

 

 

 

 

 

 

                                                           
20 For more details on caste and other social background details of the surveyed children see (click here). 

file:///F:/PhD/Young%20lives%20survey%20design.pdf
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Fig: 1 Surveyed fields on the States’ Map 

 

 
Source: Young Lives Survey, India 

 

The two states were divided into three regions in order to choose 20 sentinel sites. These regions were 

the Telangana state (Mahboobnagar and Karimnagar and this region also included the state capital 

Hyderabad), Rayalaseema (YSR Kadapa and Anantapur), and Coastal Andhra (West Godavari and 

Srikakulam). The sentinel sites (7 locations) that were eventually chosen from districts in Telangana 

include Mahboobnagar (Nagore, Bavara, Perambalur, and Poompuhar), Hyderabad (Polur), and 

Karimnagar (Dharmapuri and Kotagiri). The sites chosen from Andhra state (13 locations) include 

Anantapur (Katur, Mayurbhanj, Sivakasi, and Tondi), YSR Kadapa (Bolangir and Kalahandi), West 

Godavari (Raipur and Sagar), and Srikakulam (Angul, Manipur, Puri, Chandipur, and Patna). The site 
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names inside these districts are pseudonyms used by YLS to protect the anonymity of the surveyed 

children. 

2.2 Topics covered by YLS by Round 4 survey 

 

There were several questionnaires for different types of information that the YL intended to collect. 

The core questionnaire was for the YL child and a questionnaire also for the primary caregiver. The latter 

focused on the household circumstances around which the YL child was growing up. A questionnaire was 

also used for the local community representative to collect the information about the local economy, and 

various other issues that were affecting the situation of child within the community. The household 

questionnaire for both the cohorts asked questions pertaining to the parental background, household and 

child education level, livelihoods etc. This also included information on household food and non-food 

expenditure, the social capital, recent life history, child health, caregiver’s attitude and perceptions. The 

older cohort child questionnaire included sections on parents and caregivers update, mobility, subjective 

well-being, employment, health and nutrition, time-use cognitive tests (Telegu reading comprehension, 

English, Mathematics, and Self-administered questions). The younger cohort child questionnaire included 

sections on schooling, time-use, health, social networks, feelings and attitudes, cognitive tests (Peabody 

Picture Vocabulary test, Telugu reading comprehension, English, Mathematics, and Self-administered 

questions). And the community questionnaire included information on the characteristics of the locality 

which included the social environment, access to services, economy, educational and health facilities. 

We must point it out here that the Young Lives Survey is not a nationally representative sample 

like others (for instance Demographic Health Survey). Instead, this survey intends to trace the changes 

occurring in the lives of a set of children over a period of time (longitudinal survey). Moreover, the 

changes in different outcomes of interest as a result of the changing circumstances were also intended to 

be recorded. The YLS sample, compared to DHS 1998/99 (the year closest to Round 1 YLS) includes 



29 
 

household with better access to service and more ownership of assets which indicates some bias. This is 

true for the wealth index of the YL children which is more than the DHS (Andhra Pradesh). Despite these 

biases YL is shown to have covered the diversity of children in poor households in Andhra Pradesh. One 

of the important statistical feature of the dataset is that the survey has tried to keep the attrition rate low 

by keeping track of the chosen children. This is 2.6% for the younger cohort and 4.3% for the older cohort. 

There were several reasons for the attrition in the YLS. To point out a few, migration, marriage, and 

pointlessness (as it did not bring any benefit according to the YL parents) for the surveyed children. 

The older cohort which makes the Indian sample one-third of the total surveyed children, were 

born between Jan’94 and June’95. The remaining children, younger cohort, makes two-third of the Indian 

sample and they were born between Jan’01 and June’02. This thesis uses the data on the older cohort for 

the third and fourth round when the children were around 15-16 and 19-20 years of age respectively. The 

third round covered 977 and fourth round covers 952 children from the older cohort. The attrition rate in 

the Indian survey has been kept really low (Singh, 2015). Our study had to drop out observations as 

information on various variables for many observations were missing. The thesis considered only those 

children who are studying/studied in purely public or private schools and we had to drop children who 

have studied in different schools. We are only studying those children who have participated and on whom 

the information on the required variables are available at both the rounds (third and fourth rounds) and we 

ended up with 522 observations for the analysis. The Young Lives Survey provides information on various 

background characteristics of children and detailed record of necessary information needed for this 

research. The variable of interest here is mathematics test scores of children. In each round YL collected 

information about children’s learning achievement with the help of language and mathematics tests (Galab 

et al. 2014a). The tests that were administered to YL children were different for each round, though there 

were few similarities. The detailed information on these tests are available in YLS questionnaires. In round 
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3, the test for the older cohort had two sections. The first section (which included 20 items) asked questions 

pertaining to addition, subtraction, multiplication, division, square roots (which included both whole 

numbers as well as fractions). The second section (10 items) included questions on mathematics problem 

solving which were developed using PISA and TIMSS. This section’s questions were on data 

interpretation, number problem solving, measurement, and geometry. Similarly, the round 4 test had five 

sections which asked problems on similar aspects as round 3. The difficulty level was adjusted, as there 

was a gap of four years between the two rounds (Dawes, 2020). In total there were 30 questions in each 

round and the scores were obtained by adding the correct responses out of 30. We must note here that 

although there were similarities in the questions between the rounds (Dawes, 2020), they cannot be 

compared directly (Dawes, 2020; Rolleston, 2014). In order to make these tests comparable, especially 

mathematics, between the rounds, the reliability and validity has to be checked. There are several studies 

(Cueto and Leon, 2012; Azubuike et al. 2017) which have done that using the Classical Test Theory (CTT) 

and Item Response Theory (IRT). The application of these tests brought them to a uniform comparable 

scale, which allowed for a comparable study between the rounds. Our study does not directly do a 

comparison between the rounds hence we have not used this in our study. 

The Table 1 gives description of the variables selected in our study based on the literature reviewed 

and the available data with the YLS. The Table 2 (2.0, 2.1, and 2.2) presents the overall descriptive 

statistics of all the variables described in Table 1 for each round of the survey, and by the three sub-group 

of children that we have created (which we call the benchmark characteristics). What is immediately 

noticeable from these tables is that the average score of these children has improved from round three to 

round four (although we cannot compare the average of the test directly between rounds) on the raw test 

score average. The sub-sample of our children has been created based on three benchmark characteristics. 

The first subgroup is created based on the schooling status of child’s parents (individual parents). The 
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children of schooled (+) mothers (and fathers) as against the children of non-schooled (0) mothers 

(fathers). Similarly, the children of private schools (Pr) as against the children of public schools (Pub). 

And lastly, the children who have scored 60 percent and above marks as better performing/first division 

children (F) as against the remaining children as rest (R) who have scored less than 60 percent marks We 

see very clearly from these tables that the mathematics learning is different within each sub groups at each 

survey points. For instance, there is a clear learning gap between the children of schooled and non-

schooled parents. There is also a learning difference between the children of private schools and public 

schools. Similarly, there is a visible difference in learning between the better performing children and rest 

of the children. For the ease of understanding at a point, the scores have been normalized (Table 3.0, 3.1, 

and 3.2) by dividing with the standard deviation of the overall sample of respective rounds. We must note 

that comparison of average raw/standardized mathematics score at two points is not possible because of 

the reasons mentioned in the previous discussion. This has been pointed out earlier that though there are 

similarities between the tests, they cannot be directly compared between rounds unless they are brought 

together on the same comparable scale. Moreover, the children were four years older in round 4 survey, 

we cannot, with certainty, say that the improvement in the average score (although incomparable) as an 

improvement. Glewwe et al. (2015), for instance, points out that there is a connection between age of the 

child and their learning outcome. We have to be careful while interpreting the averages at these two points 

since we do expect a change in score simply because the children are older. We considered the age of 

child at the time of both of these surveys in our analysis since there is not significant variation in their age, 

we do not find a significant role of this variable at these points.  
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Table 1: Description of the Variables 

 

 Variables Description 

Mathematics test Score 

Raw test score on mathematics of YL child collected at the time of surveys out of 30 

marks. This has also been standardized using the standard deviation of whole sample in 

each round for ease of comparison. 

Parental Education (PE)21 

 

Mothers Education YL child’s mothers’ education in years 

Fathers Education YL child’s fathers’ education in years 

Household Features (H) 

 

 

 

Household Size Number of family members in YL child’s household 

Assets (Round 4) Value of the five most valuable assets owned, rented or borrowed in the YL child’s 

household 

Assets (Round 3) Value of assets owned, rented or borrowed in the YL child’s household 

School Cost (Round 4) Total expenditure incurred on school in the last academic year.22 

School Cost (Round 3) How much has the YL household spent on school fees and extra tuition for the child per 

year 

Expenditure (Round 4) The log of per capita monthly expenditure of YL child’s household 

Expenditure (Round 3) The log of real per capita monthly expenditure of YL child’s household; base 2006 prices 

Years Years of schooling received by YL child at the time of surveys 

Child Specific Features (C) 

 

 

Time Allocation Time spent by YL child on studies apart from that in school on a typical day 

English Score Raw test score on English of YL child collected at the time of survey out of 30 marks23 

Gender =1 if male; 0 otherwise 

Age in Months Age of the YL child in months at the time of surveys 

Body Mass Index Body mass index of the YL child at the time of surveys 

Others (O) 

 

Drinking Water Index constructed for whether or not the YL household has safe drinking water facility 

Household Quality A simple average of the following:24 

 Type of School =1 if attended/attending public school last, 0 if private. 

 

 

                                                           
21 The parents in our dataset have received school education (up to Grade 12), post-secondary/vocational education, 

adult literacy, and university education. Those who have received post-secondary education, they have been treated 

as having obtained 13 years of education. The university graduates have been treated as having received 15 years of 

education since university education lasts for 3 years after finishing Grade 12. There are no parents who have received 

education beyond university education. The parents who have received just the adult literacy, they have been taken as 

having received just 1 year of education. 
22 In the fourth round this cost is the sum total of the tuition fees, education charges, private tuition, accommodation, 

transportation, uniforms, stationary etc. in the last academic year. The school level heterogeneity is captured by the 

variance in the sum total of these costs. 
23 This information is available only in the fourth round survey. 
24 Crowding (scaled sleeping rooms per person), main materials of walls-dummy variable that takes the value 1 if 

main materials of the walls satisfied the basic norms of quality, main materials of roof, and main materials of floor. 

(Azubuike and Briones, 2016). 
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Table 2.0: Descriptive statistics of the Variables 

 

Table 3.0: The Mean Math Test score by the groups 

Round 4 

 Overall Schooled Mothers Non-Schooled Mothers Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (+)-(0) t-test 

Math Score 522 2.04 1.00 269 2.3017 .937 253 1.766 .988 .536 6.36 

Round 3 

 Overall Schooled Mothers Non-Schooled Mothers Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (+)-(0) t-test 

Math Score 522 1.839 1.00 269 2.113 0.967 253 1.548 0.954 0.564 6.711 

*the test scores have been normalized by dividing it with the standard deviation of the overall sample for ease 

 Round 4 Round 3 

 Overall Schooled Mothers Non-Schooled Mothers Overall Schooled Mothers Non-Schooled Mothers 

Variables Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Math Score 14.478 7.074 16.320 6.644 12.522 7.005 11.312 6.156 12.996 5.950 9.521 5.869 

Mothers Education 3.632 4.314 7.048 3.466 0 0 3.632 4.314 7.0483 3.466 0 0 

Fathers Education 5.644 5.045 8.160 4.581 2.968 4.047 5.643 5.045 8.159 4.580 2.968 4.047 

Household Size 4.753 1.908 4.691 1.856 4.818 1.964 5.086 1.974 5.115 2.245 5.055 1.641 

Assets 30018.64 44478.14 34932.97 43939.72 24793.52 44537.56 9291.452 52007.87 11312.16 54614.45 7142.957 49101.88 

School Cost 19226.17 26380.52 25337.38 30585.59 12728.48 19018 2723.567 5344.192 3835 6151.854 1541.846 4009.821 

Expenditure 7.170 .588 7.240 .575 7.095 .593 6.776 .561 6.866 .527 6.680 .580 

Years 13.448 1.745 13.870 1.569 13 1.813 8.641 1.308 8.728 1.399 8.549 1.199 

Time Allocation 2.013 1.442 2.316 1.437 1.691 1.377 2.626 1.293 2.921 1.342 2.312 1.162 

English Score 16.513 3.306 17.405 3.104 15.565 3.255 - - - - - - 

Gender .549 .498 .509 .501 .593 .492 .547 .498 .509 .500 .588 .4930 

Age in Months 227.877 4.134 227.580 4.195 228.193 4.053 179.197 4.105 178.825 4.180 179.592 3.994 

Body Mass Index 19.934 8.743 19.966 4.296 19.899 11.765 17.608 2.767 17.969 2.875 17.224 2.598 

Drinking Water .981 .137 .993 .0861 .968 .175 .963 .187 .985 .121 .940 .236 

Household Quality .725 .217 .755 .200 .694 .230 .604 .298 .622 .252 .585 .340 

Type of School .425 .495 .308 .463 .549 .499 .622 .485 .505 .500 .747 .435 

Observations 522 269 253 522 269 253 
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Table 2.1: Descriptive statistics of the Variables 

 

 

Table 3.1: The Mean Math Test score by the groups 

Round 4 

 Overall Private Public Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (Pr)-(Pub) t-test 

Math Score 522 2.047 .953 300 2.317 1.00 222 1.683 .947 .634 7.53 

Round 3 

 Overall Private Public Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (Pr)-(Pub) t-test 

Math Score 522 1.839 1.00 197 2.321 .977 325 1.546 .898 .774 9.240 

*the test scores have been normalized by dividing it with the standard deviation of the overall sample for ease 

  

 

 Round 4 Round 3 

 Overall Private Public Overall Private Public 

Variables Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Math Score 14.479 7.07 16.38667 6.744 11.90 6.70 11.312 6.156 14.279 6.009 9.513 5.523 

Mothers Education 3.632 4.314 4.66 4.514 2.24 3.60 3.632 4.314 5.532 4.676 2.48 3.629 

Fathers Education 5.643 5.045 6.75 5.070 4.15 4.62 5.643 5.045 8.182 4.820 4.104 4.537 

Household Size 4.753 1.908 4.73 2.036 4.78 1.73 5.086 1.974 5.162 2.117 5.04 1.884 

Assets 30018.64 44478.14 35547.63 44685.45 22547.03 43181.86 9291.452 52007.87 12596.24 60446.55 7288.24 46134.97 

School Cost 19226.17 26380.52 28759.59 30584.56 6343.17 9218.29 2723.567 5344.192 6752.056 6904.182 281.683 1114.053 

Expenditure 7.170 0.587 7.23 0.580 7.09 0.59 6.776 .561 6.931 .487 6.682 .582 

Years 13.448 1.745 13.99 1.376 12.71 1.92 8.641 1.308 8.761 1.494 8.569 1.178 

Time Allocation 2.013 1.442 2.3 1.379 1.63 1.44 2.626 1.293 2.766 1.342 2.541 1.257 

English Score 16.513 3.306 17.27 2.924 15.50 3.52 - - - - - - 

Gender .550 .498 0.58 0.494 0.51 0.50 .547 .498 .583 .494 .526 .500 

Age in Months 227.88 4.134 227.76 4.143 228.03 4.13 179.197 4.105 179.376 4.130 179.092 4.092 

Body Mass Index 19.933 8.744 19.74 3.489 20.20 12.79 17.608 2.767 18.063 3.111 17.333 2.501 

Drinking Water 0.981 0.137 0.99 0.115 0.97 0.16 .963 .187 .974 .157 .956 .203 

Household Quality 0.725 .217 0.75 0.204 0.69 0.23 .604 .298 .691 .202 .551 .333 

Type of School .425 .495 - - - - .622 .485 - - - - 

Observations 522 300 222 522 197 325 
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Table 2.2: Descriptive Statistics of the Variables 

 

 

 

 

Table 3.2: The Mean Math Test score by the groups 

Round 4 

 

Overall First Division Rest Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (F)-® t-test 

Math Score 522 2.047 1.00 180 3.152 .351 342 1.466 .694 1.686 30.58 

Round 3 

 

Overall First Division Rest Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (F)-® t-test 

Math Score 522 1.839 1.00 91 3.422 .414 431 1.505 .732 1.916 24.148 

*the test scores have been normalized by dividing it with the standard deviation of the overall sample for ease 

 Round 4 Round 3 

 Overall First Division Rest Overall First Division Rest 

Variables Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Math Score 14.479 7.074 22.289 2.482 10.368 4.908 11.312 6.156 21.044 2.546 9.258 4.504 

Mothers Education 3.632 4.314 5.161 4.479 2.827 4.003 3.632 4.314 6.043 4.730 3.122 4.047 

Fathers Education 5.644 5.046 6.872 5.302 4.997 4.788 5.643 5.045 7.736 5.305 5.201 4.882 

Household Size 4.753 1.908 4.600 2.116 4.833 1.787 5.086 1.974 5.065 2.421 5.090 1.869 

Assets 30018.640 44478.140 35562.420 48508.220 27100.860 41983.730 9291.452 52007.87 8172.802 33687.21 9527.64 55130.67 

School Cost 19226.170 26380.520 31147.950 33431.980 12951.550 19028.050 2723.567 5344.192 5979.121 7369.401 2036.2 4530.036 

Expenditure 7.170 0.588 7.193 0.570 7.158 0.598 6.776 .561 6.977 .455 6.734 .572 

Years 13.448 1.745 14.411 1.056 12.942 1.823 8.641 1.308 8.978 1.282 8.571 1.304 

Time Allocation 2.013 1.442 2.461 1.283 1.778 1.466 2.626 1.293 3.066 1.459 2.534 1.238 

English Score 16.513 3.306 18.700 2.347 15.363 3.155 - - - - - - 

Gender 0.550 0.498 0.650 0.478 0.497 0.501 .550 .498 .703 .459 .515 .500 

Age in Months 227.877 4.134 228.289 4.170 227.661 4.104 179.197 4.105 179.376 3.784 179.160 4.172 

Body Mass Index 19.934 8.744 19.583 3.272 20.118 10.540 17.608 2.767 17.709 2.905 17.588 2.741 

Drinking Water 0.981 0.137 0.994 0.075 0.974 0.160 .963 .187 .989 .105 .958 .200 

Household Quality 0.725 0.217 0.782 0.182 0.695 0.228 .604 .298 .712 .213 .582 .309 

Type of School 0.425 .494 0.255 0.437 0.515 0.500 .622 .485 .297 .459 .691 .462 

Observations 522 180 342 522 91 431 
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 2.3 Methodological Framework and Empirical Approach  

 

 The learning outcome of children depends on various background characteristics. This 

relationship could be depicted in a mathematical relationship.  A simple production function can be used 

to express this relationship between mathematics learning and a set of background characteristics. The 

mathematics learning (EA) is a function of input variables like parental education (PE), household factors 

(H), Child specific features (C), and other features (O). 

𝐸𝐴 = 𝑓(𝑃𝐸, 𝐻, 𝐶, 𝑂)                          (1) 

Yet even when an educational production function exists, there is no guarantee that one can estimate it 

(Artega & Glewwe, 2014). The linear regression equation for the whole dataset is shown below: 

                   𝐸𝐴 = 𝜃0 + 𝜃1(𝑃𝐸) + 𝜃2(𝐻) + 𝜃3(𝐶) + 𝜃4(𝑂) + 𝜖𝑖     (2) 

 The estimation of this equation would tell that how different variables influence the learning 

outcome, holding other variables constant. As discussed previously we have three benchmark 

characteristics or three subgroups (two in each) based on those benchmarks. To understand the 

development of the threefold Blinder-Oaxaca decomposition methodology that we use in this thesis, let 

us derive a generic model. The children are divided into two groups (based on each benchmark 

characteristic). Let us call them group A and B. The outcome variable here in equation 2 is the raw (and 

standardized) mathematics test scores (EA) of the children collected during the time of fourth and third 

round survey. The objective of this equation is to estimate the determinants that determine/influence the 

difference in mean learning outcome between group A and group B children. The difference of the mean 

test scores between the two groups (A and B) can be expressed as: 

                                                       𝐷 = 𝐸(𝐸𝐴𝐴) − 𝐸(𝐸𝐴𝐵)  (3) 
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 Where 𝐸(𝐸𝐴) denotes the expected (mean) value of the mathematics test score. D denotes the 

difference in the test score between the two groups. Based on the above discussion we can write the 

generalized linear equation as: 

                                                               𝐸𝐴𝑖 = 𝑋𝑖
′γi +  𝜑𝑖,                                                                (4) 

 Where,  𝐸(𝜑𝑖) = 0, 𝑖 ∈ (𝐴, 𝐵) and X is a vector of all the predictors that includes different 

explanatory variable categories from Table 1. 

 Equation (2) can be re-written for the two groups separately based on the discussion. We get 

the following two regression equation for the two sub-groups: 

𝐸𝐴𝐴 = 𝛼0 + 𝛼1𝑃𝐸 + 𝛼2𝐻 + 𝛼3𝐶 + 𝛼4𝑂 + 𝜔𝑖 

 and, 

𝐸𝐴𝐵 = 𝛽0 + 𝛽1𝑃𝐸 + 𝛽2𝐻 + 𝛽3𝐶 + 𝛽4𝑂 + 𝜗𝑖 

 The vector X contains set of predictors (from Table 1) and a constant, Jann (2008), 𝛼𝑖s and 𝛽𝑖s 

are the slope parameters and the intercept, and 𝜔𝑖 and 𝜗𝑖are the error terms. The difference in the mean of 

learning outcomes can be expressed as the difference in the linear prediction at the group specific mean 

of the regressors. 

𝐷 = 𝐸(𝐸𝐴𝐴) − 𝐸(𝐸𝐴𝐵) 

= 𝐸(𝑋𝐴)′𝛼 − 𝐸(𝑋𝐵)′𝛽 

Since,  

𝐸(𝐸𝐴𝑖) = 𝐸(𝑋𝑖𝛾𝑖 + 𝜑𝑖) 

= 𝐸(𝑋𝑖
′𝛾𝑖) + 𝐸(𝜑𝑖) 



38 
 

= 𝐸(𝑋𝑖)
′𝛾𝑖 

Because, 𝐸(𝜑𝑖) = 0, and 𝐸(𝛾𝑖) = 𝛾𝑖, by assumption. 

 Following (Blinder, 1973; Oaxaca, 1973; Jann, 2008) the contribution of the group difference 

in the predictors to the overall outcome difference can be rearranged as follows: 

𝐷 = {𝐸(𝑋𝐴) − 𝐸(𝑋𝐵)}′𝛽 + 𝐸(𝑋𝐵)′(𝛼 − 𝛽) + {𝐸(𝑋𝐴) − 𝐸(𝑋𝐵)}′(𝛼 − 𝛽) 

This is referred to as threefold decomposition. To explain the results obtained from the decomposition we 

need a reference category. Let us say we take group A as that reference group. The point of analysis will 

be group B, as we will see in the explanation of the three components of the previous equation. 

𝐷 = 𝐸 + 𝐶 + 𝐼 

The first component, 

𝐸 = {𝐸(𝑋𝐴) − 𝐸(𝑋𝐵)}′𝛽 

 Amounts to the part of the difference that is due to the group difference in the predictors which 

is called the “endowment effects”. That part of the difference in the mean learning outcome of A and B 

which is explained because of the differences in the mean values of the background characteristics. In 

other words, if group B had had same average characteristics as group A, given their returns (𝛽) stays the 

same, this is how much their scores would have improved. Differences in the average features applied to 

the impacts of group B. 

The second component, 

𝐶 = 𝐸(𝑋𝐵)′(𝛼 − 𝛽) 
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 Measures the contribution of the differences in the coefficients which includes also the 

intercept. It captures the different returns to individual features for each group. That part of the difference 

in the learning outcome of these two groups of children explained by the difference between the groups’ 

impact of the background characteristics If group B had had same returns as A, assuming their average 

features (𝑋𝐵) stays at current level, this is how much their scores would have improved. Difference in the 

returns applied to the average features of group B children. 

And the third component, 

𝐼 = {𝐸(𝑋𝐴) − 𝐸(𝑋𝐵)}′(𝛼 − 𝛽) 

 This is an interaction term which accounts for the fact that differences in endowments and coefficients 

exist simultaneously between the two groups and is causing the difference in the mean mathematics 

learning simultaneously. The study estimates the threefold decomposition and discusses about the three 

effects in detail at both the survey points. Based on this discussion, we will get three different equations 

for each benchmark characteristics. 

𝐷0 = {𝐸(𝑋+) − 𝐸(𝑋0)}′𝛽 + 𝐸(𝑋0)′(𝛼 − 𝛽) + {𝐸(𝑋+) − 𝐸(𝑋0)}′(𝛼 − 𝛽) 

𝐷1 = {𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′𝛽 + 𝐸(𝑋𝑃𝑢𝑏)′(𝛼 − 𝛽) + {𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′(𝛼 − 𝛽) 

𝐷2 = {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′𝛽 + 𝐸(𝑋𝑅)′(𝛼 − 𝛽) + {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′(𝛼 − 𝛽) 

 The 𝛽s are the coefficients for the second group(s) of children in each of the equations mentioned. 

Those groups are (the group on which the point of analysis is based) children of non-schooled parents (0), 

public school children (Pub), and rest of the children (R). The first of the three equations above, 

decomposes the difference in mean mathematics learning between the children of schooled parents and 

non-schooled parents. The second equation decomposes the difference in the mean mathematics learning 
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between the private and public school children. The last one breaks down the difference in mean learning 

between the first division scoring and rest of the children. 

 The previous studies have largely focused on the factors influencing the learning outcomes not 

the extent to which they cause or explain the differences in the learning outcomes between groups of 

children. Our thesis is an attempt to add to the growing body of literature on the differences in average 

learning outcome on three different basis (the benchmark characteristics) to point out the contributors to 

the differences in learning. The need to study these specific children arise from the growing reports 

(National Achievement Survey and ASER) suggesting that the mathematics learning of the children of 

united Andhra Pradesh is significantly better than the national average which calls for particular research 

attention. Our study is for a specific population at two specific points in time i.e. when they were 15-16 

and 19-20 years old (during the third and fourth round surveys respectively). The attempt of this thesis is 

to look into the learning inequality in mathematics between the groups of children with respect to a set of 

background characteristics. The thesis aims to place those learning inequalities in the larger context of 

their background differences. The idea is also to see whether their respective differences (in the average 

background features, if any) explain the differences in the average learning outcomes and if so, to what 

extent they explain their differences in the performance. This we have done using the threefold Blinder-

Oaxaca decomposition. There have been studies which have used the Blinder-Oaxaca decomposition to 

study the achievement gaps among children. For instance, Ammermuller (2007b), using the PISA-2000, 

has studied the achievement gap between the German and Finnish children. Zhang and Lee (2011) have 

also used this decomposition technique, using PISA-2006, to study the achievement gap between the 

OECD countries. Burger (2011) too studies the achievement gaps between the urban and rural Zambian 

children using the SAMCEQ-II (South Africa Consortium for Monitoring Educational Quality) dataset. 

Baird (2012) studies the achievement gaps (using TIMSS for 2003) between the children with high socio-
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economic status (SES) and lower SES among 19 high income countries. Another interesting study using 

the Blinder-Oaxaca technique is by Barrera-Osorio et. al. (2011) which studies the achievement 

improvement of the Indonesian children between two points using PISA 2003 and 2006. The two point 

studies that we have done in the context of India are rare and this is where this study fills the gap in 

literature. In this study, we further explore the Indian children using YLS for older (Round 3 and Round 

4) cohort. The studies of similar sort are minimal that try to explain the learning outcome gaps within 

Indian children. Using the threefold Blinder-Oaxaca decomposition we break down the mean mathematics 

learning gap between them at two points based on the aforementioned benchmark characteristics. The 

Blinder-Oaxaca decomposition has been previously used (in Ammermueller, 2007b; Zhang and Lee, 

2011; Barrera-Osorio et al., 2011; Burger, 2011; Baird, 2012; Arteaga and Glewwe, 2014; Glewwe et al., 

2015; Sanfo and Ogawa 2021) to study the learning outcome differences between groups of children. 

 The figure 1 portrays these three effects of Blinder-Oaxaca decomposition borrowing from 

Arteaga and Glewwe (2014) which has been modified slightly with respect to our study. The 

decomposition of the test score gap between the groups at a point is shown in the figure 1. The first 

composition of the equation, the endowment effect, is shown by the move from E to F. This shows the 

increase in the score of an average B group child if they had similar characteristics as an average A group 

child. The second term of the equation, the coefficient effect is shown by the vertical distance between A 

and C which is the increase in the test scores of an average B group child if they had similar returns as an 

average A group  child. The last part of the equation, the interaction of the previous two effects, is shown 

by the distance between B and G. 
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Figure 1: Decomposition of Test score gaps between children 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The following table 4 describes the whole dataset where it has been pointed out about the 

availability of information on the variables. As we see that there are several variables which have missing 

information which has eventually reduced the study sample to just 522. We have used only those children 

on whom the information is available on all the variables at both of the survey points. 
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Table 4: Descriptive statistics (full dataset) of variables for each round  

 Round 3 Round 4 

Variables Mean Std. Dev. N Mean Std. Dev. N 

Math Score 9.47 6.35 920 14.01 7.256 899 

Mothers Education 3.47 4.28 642 3.47 4.28 642 

Fathers Education 5.48 4.98 642 5.48 4.98 642 

Household Size 5.05 1.90 976 4.72 1.91 952 

Assets* 7886.948 44862.07 808 26701.03 38720.52 933 

School Cost* 2534.85 5542.55 800 20287.16 31761.27 581 

Expenditure* 1013.14 705.87 976 7.17 0.58 951 

Years 8.80 7.42 971 13.51 1.72 581 

Time Allocation 2.01 1.54 975 2.03 1.46 642 

English Score - - - 15.08 4.47 886 

Gender 0.49 0.50 976 0.49 0.50 952 

Age in Months 179.25 4.07 975 227.91 4.14 944 

Body Mass Index 17.62 2.77 974 23.81 95.93 943 

Drinking Water 0.97 0.17 975 0.98 0.13 952 

Household Quality 0.58 0.26 973 0.71 0.23 952 

Type of School# - - - - - - 

Types of Schools Round 3 Round 4 

N % N % 

Public (Government) 667 68.900 276 40.07 

Private (Unaided) 294 30.370 337 49.05 

NGO/Charity/Not for Profit/ Religious 4 0.004 2 0.29 

Informal or Non-formal - - 3 0.44 

Charitable Trust 2 0.002 1 0.15 

Mix of Public Private - - 65 9.46 

India Bridge School 1 0.001 - - 

Others - - 3 0.44 

Total 968 687 
*the definition of these variables is slightly different for each round so we have to be careful in interpreting these variables. 
# the details of the descriptive statistics only on public and private schools is shown in Table 2.  

 

 

  



44 
 

3.0 Parental Education and Child’s 

Mathematics Achievement: Evidence from 

United Andhra Pradesh (India) 
 

 

Abstract 

This chapter looks into the mathematics learning inequality among the Indian children using the 

fourth round of Young Lives Survey data. The mathematics learning inequality between the children of 

schooled and non-schooled parents has been explored and placing them in the larger context of their 

background features has been done here. The children of schooled parents have better characteristics as 

compared to the children of non-schooled parents at the time of fourth round survey. The chapter finds, 

using threefold Blinder-Oaxaca decomposition, that these differences in their backgrounds play a crucial 

role in determining the extent of the gap in mathematics learning. The crucial findings in this chapter 

suggests that the differences in the background characteristics explain a part of the learning difference 

between the groups of children. Moreover, the differential returns/impacts to those background features 

explain the inequality in learning as well. The schooling cost (spent in the last academic year) is the 

consistent contributor to the learning difference between them. Moreover, the gap in average years of 

schooling between the children of schooled and non-schooled parents also contributes to the learning 

difference. English language score difference between them is another important contributor to the 

learning difference on mathematics. Gender of the child as well as the household quality explain a 

marginal part of the learning difference between them as well. 

 

 

Keywords: Mathematics Achievement; India; Mothers’ Education; Blinder-Oaxaca 

Decomposition; Endowment Effect; Coefficient Effect 
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3.0.1 Introduction  

 

The Trends in Mathematics and Science Study (TIMSS) were used on the secondary school 

going Indian children from the states of Rajasthan and Orissa. The findings suggest that the Indian children 

performed significantly poorly as compared to the international average (Kingdon, 2007). There are 

various studies that talk about what influences academic achievement of children. The Annual Statistics 

of Education Report (ASER), 2005 concludes that the increase in the financial resources towards 

education do not reflect in terms of children’s learning. ASER’s latter report also finds a decline in the 

ability to do basic math nationally, across classes (ASER, 2010). The previous literature has captured the 

quality of education in India using children’s test scores on various subjects (Kingdon, 1996; Goyal, 2009; 

Goyal and Pandey, 2009; Singh, 2015; Singh and Mukherjee, 2019). One of the core factor that influences 

the learning outcome of a child is the parental education which has been frequently discussed in the 

previous literature across varied contexts (Crane, 1996; Davis, 2005; Paxson and Schady, 2007; Brown 

and Iyengar, 2008; Desai et al., 2008; Goyal, 2009; Barrera-Osorio et al., 2011; Burger, 2011; Holmlund 

et al., 2011; Arteaga and Glewwe, 2014; Crookston et al., 2014; Sharma, 2014; Glewwe et al., 2015; Li 

and Qiu, 2018; Sanfo and Ogawa 2021). In this chapter, we explore the mathematics learning outcome of 

Indian children with respect to the parental schooling status, using the fourth round dataset of older cohort 

of Young Lives Survey (YLS/YL henceforth). There have been studies that have talked about the 

connection between the parental education and learning outcome of children in the context of India (for 

instance Crookston et al., 2014; Desai et al., 2008; Goyal, 2009; Brown and Iyengar, 2008; Sharma, 2014). 

As mentioned before, we have used the YL dataset, which has been previously used to study 

the learning outcomes of children. Dercon and Krishnan (2009) and Crookston et al., (2014) have studied 

several learning aspects of YL children of all the four surveyed countries (Ethiopia, India, Peru, and 

Vietnam). Arteaga and Glewwe (2014), using the Peruvian YL data, explore the learning inequality 
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between the indigenous and non-indigenous children. Similarly, Glewwe et al., (2015) studies the learning 

difference among the Vietnamese children. Using the Vietnamese YL dataset, they explore the learning 

differential between the Kinh community and ethnic minority children. Singh and Mukherjee (2019) have 

used the Indian YL data and explored the connection between attending a particular type of school and 

learning. Ethiopian children’s dataset is used in Sanfo and Ogawa (2021) to look into the learning 

difference between urban and rural children.  

There have been several countries that have been researched in the previous literature on these 

aspects. Among the lower income countries, several socio-economic aspects have been talked about in 

relation to the learning outcome of children. Zhang (2006), for instance, looks into the learning 

disadvantages of children from Sub-Saharan Africa. The Zambian children’s learning outcome (in Burger, 

2011; Das et al., 2013) has been studied as well. Sakellariou (2008) have studied the learning difference 

between the indigenous and non-indigenous Peruvian children, similar to Arteaga and Glewwe (2014). 

The connection between the parental education and the learning outcome of Ecuadorian children (in 

Paxson and Schady, 2007) has been studied as well. Chinese children (in Li and Qiu, 2018) and Indonesian 

children (in Barrera-Osorio et al., 2011) are discussed in the previous literature as well. 

Similarly, the learning outcomes of children from high income countries have been studied in 

depth as well. Among those studies, the children from the United States of America (in Leibowitz, 1977; 

Crane, 1996; Currie and Yelowitz, 2000; Davis, 2005; Todd and Wolpin, 2007) have been frequently 

studied. The learning outcome of Australian children (in Cobb et al., 2014) have been studied with respect 

to the background features of children. Similarly, the learning outcome of children from Germany and 

Finland has been studied in depth (Ammermueller, 2007b). On the same line, learning outcome of children 

from the OECD countries (Zhang and Lee, 2011) as well as Swedish children (Holmlund et al., 2011) 

have been researched too. 
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Although the previous literature has talked about several background characteristics in relation 

to the learning outcome of children, there are very few studies that decompose the learning difference 

between certain groups of children to explain what causes that difference in the first place. In this chapter, 

we add on that aspect, where we attempt to explain the learning difference between the children of 

schooled mothers (fathers) and non-schooled mothers (fathers). We specifically look into that learning 

difference with respect to the background characteristics and try to associate/decompose the difference 

into its explainers. The studies mentioned before have largely focused on the factors that have an influence 

on the learning outcome of children. The extent and direction of influence have been talked about in detail 

in these studies. In this chapter, we slightly depart from these literature and add to the growing body of 

literature on learning difference decomposition. Keeping the parental schooling status as the benchmark 

for categorization of children, we put the children’s background features as against their learning outcomes 

to understand the association. This chapter is for a specific set of population at a specific point in time, 

when the children were 19-20 years old (during the fourth round YL survey). The children in the YL 

dataset are growing up in the context of poverty and the dataset traces the changes occurring in their lives 

over a period of time. The idea in our study is to see if there is any significant background difference in 

the background characteristics between the children of schooled mothers (fathers) and non-schooled 

mothers (fathers). To see whether these differences (if any) in the background characteristics explain the 

learning difference between the groups and to what extent. To explore these questions, we have made use 

of the threefold Blinder-Oaxaca decomposition technique. This technique has been previously used in the 

previous literature to study the learning difference between groups of children. For instance, Ammermuller 

(2007b), using the PISA-2000, has studied the achievement gap between the German and Finnish children. 

Zhang and Lee (2011) have also used this decomposition technique, using PISA-2006, to study the 

achievement gap between the OECD countries. Burger (2011) too studies the achievement differences 
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between the urban and rural Zambian children using the SAMCEQ-II (South Africa Consortium for 

Monitoring Educational Quality) dataset. Baird (2012) studies the achievement gaps (using TIMSS for 

2003) between the children with high socio-economic status (SES) and lower SES among 19 high income 

countries. Another interesting study using the Blinder-Oaxaca technique is by Barrera-Osorio et. al. (2011) 

which studies the achievement improvement of the Indonesian children between two points using PISA 

2003 and 2006. In our chapter, we decompose the average learning outcome difference between the private 

and public school children and attribute it to the factors responsible for explaining the difference at this 

point. 

The rest of the chapter is organized as follows. Section 2 gives the description of data, source 

and variables used in our study. Section 3 presents the theoretical framework, in section 4 we present the 

decomposition methodology and decomposition results followed by summary and conclusion of the 

chapter in Section 5. 

3.0.2 Data and Variables 

 

The study uses the longitudinal survey conducted by the University of Oxford. The survey includes 

four developing countries Ethiopia, India, Peru, and Vietnam. The survey has so far done five rounds 

across these countries and traces of the lives of 12000 children growing up in the context of poverty. The 

3000 children in the Indian survey were selected from 20 sentinel sites spread now across two southern 

states of Andhra Pradesh and Telangana. The sampling method deployed in the data collection is a form 

of purposive sampling (Galab et. al. 2014). The chapter has used of the fourth round data for the older 

cohort on India (united Andhra Pradesh) which was released in 2014. This study uses the data on the older 

cohort for the fourth round when the children were around 20 years of age. The round covers 952 children 

from the older cohort. Our study had to drop out observations as many of the information on various 

variables were missing. Eventually we ended up with 522 observations for the analysis. More detailed 



49 
 

information on the YLS is available in the previous chapter. The Table 1 gives the description of the 

variables used in the analysis and Table 2 gives the descriptive statistics of the variables. 

Table 1: Description of the Variables 

 Variables Description 

Mathematics test Score 

Raw test score on mathematics of YL child collected at the time of the survey 

out of 30 marks. This score has also been standardized using the standard 

deviation of the whole sample for comparison and ease of understanding. 

Parental Education (PE)25 

 

Mothers Education YL child’s mothers’ education in years 

Fathers Education YL child’s fathers’ education in years 

Household Features (H) 

 

 

 

Household Size Number of family members in YL child’s household 

Assets Value of the five most valuable assets owned in the YL child’s Household 

School Cost Total expenditure incurred on school in the last academic year. 

Expenditure The log of per capita monthly expenditure of YL child’s household 

Child Specific Features (C) 

 

 

Years Years of schooling received by YL child at the time of fourth round survey 

Type of School =1 if attended/attending public school; 0 if private. 

Time Allocation Time spent by YL child on studies apart from that in school on a typical day 

English Score Raw test score on English of YL child collected at the time of survey 

Gender =1 if male; 0 otherwise 

Age in Months Age of the YL child in months at the time of fourth round survey 

Body Mass Index Body mass index of the YL child at the time of fourth round survey 

Others (O) 

 

Drinking Water 

 

Index constructed for whether or not the YL household has safe drinking 

water facility 

Household Quality A simple average of the following:26 

 

 

 

In our thesis, the outcome of interest is the mathematics test scores of children at the fourth 

round survey point. The YL has collected the information on child’s achievement with the help of 

language and mathematics tests (Galab et al. 2014a). The mathematics test that we use in this study was 

designed for each round separately and there were certain similarities between the rounds. More details 

on the test content and the questions that were asked to the surveyed children is available in the previous 

chapter in detail. 

                                                           
25 The parents in our dataset have received school education (up to Grade 12), post-secondary/vocational education, 

adult literacy, and university education. Those who have received post-secondary education, they have been treated 

as having obtained 13 years of education. The university graduates have been treated as having received 15 years of 

education since university education lasts for 3 years after finishing Grade 12. There are no parents who have received 

education beyond university education. The parents who have received just the adult literacy, they have been taken as 

having received just 1 year of education. 
26 Crowding (scaled sleeping rooms per person), main materials of walls-dummy variable that takes the value 1 if 

main materials of the walls satisfied the basic norms of quality, main materials of roof, and main materials of floor. 

(Azubuike and Briones, 2016). 
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Table 2: Descriptive Statistics (means) of overall and sub-samples (Round4) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: Standard Deviations are in parentheses 

 

3.0.3 Theoretical Framework 

 

Based on the objective of the chapter, we employ behavioral framework in order to carry out the 

empirical analysis. There are various factors that have an influence on the mathematics achievement of 

the school going children based on the review of literature. We have included several variables which are 

presented in Table 1. The description of which is given against each of these variable. The mathematics 

achievement (EA) can be depicted as a structural relationship between various variables. The input 

variables in this relationship includes the parental education (PE), household variables (H), child specific 

variables (C), and others (O). 

Variable Means Overall Schooled and Non-Schooled 

Mothers (respectively) 

Schooled and Non-Schooled 

fathers (respectively) 

Math Score 14.479 16.319 12.521 15.091 13.232 
 (7.074) (6.644) (7.004) (7.028) (7.024) 

Fathers Education 5.644 8.160 2.968 8.417 - 

 (5.045) (4.580) (4.047) (3.820) - 

Mothers Education 3.632 7.048 - 4.926 1 

 (4.314) (3.466) - (4.429) (2.506) 

Household Size 4.753 4.691 4.818 4.714 4.831 

 (1.908) (1.856) (1.963) (1.851) (2.023) 

Assets 30018.64 34932.97 24793.52 36274.49 17288.72 

 (44478.14) (43939.72) (44537.56) (50215.62) (25257.2) 

School Cost 19226.17 25337.38 12728.48 23184.22 11171.99 

 (26380.52) (30585.59) (19018) (29750.13) (14719.68) 

Expenditure 7.170 7.240 7.095 7.237 7.035 

 (.588) (.575) (.593) (.587) (.568) 

Years 13.448 13.869 13 13.58 13.180 

 (1.745) (1.569) (1.813) (1.711) (1.789) 

Time Allocation 2.013 2.316 1.691 2.1 1.837 

 (1.441) (1.437) (1.377) (1.467) (1.375) 

English Score 16.513 17.405 15.565 17.111 15.297 

 (3.306) (3.104) (3.255) (3.073) (3.437) 

Gender .550 .509 .588 .497 .651 

 (.498) (.501) (.492) (.501) (.478) 

Age in Months 227.877 227.579 228.193 227.666 228.308 

 (4.134) (4.194) (4.053) (4.153) (4.073) 

Body Mass Index 19.933 19.966 19.899 20.466 18.851 

 (8.743) (4.295) (11.765) (10.501) (2.474) 

Drinking Water .980 .992 .968 .986 .971 

 (.137) (.086) (.175) (.119) (.168) 

Household Quality .725 .754 .693 .756 .663 

 (.217) (.200) (.2297) (.187) (.258) 

Type Of School .425 .308 .549 .366 .547 

 (.494) (.462) (.498) (.482) (.499) 

Observations 522 269 253 350 172 
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                                                  𝐸𝐴 = 𝑓(𝑃𝐸, 𝐻, 𝐶, 𝑂)  (1) 

The regression would take the following form: 

                 𝐸𝐴 = 𝛼0 + 𝛼1(𝑃𝐸) + 𝛼2(𝐻) + 𝛼3(𝐶) + 𝛼4(𝑂) + 𝜖𝑖      (2) 

The 𝛼𝑖s are the row vectors of the coefficients that captures the total influence (impact) of the column 

vectors of set of variables in the bracket.  

 

3.0.4 Methodology for Decomposition and Decomposition Analysis 

 

 The sub-samples are the children whose mothers (and fathers) have positive (+) years of 

education/schooling and the rest whose mothers (and fathers) have no (0) education/schooling. The 

subsample descriptive statistics (Table 3) presents a difference in the mean mathematics outcome of both 

the groups where the YL children whose mothers (fathers) have positive years of education have greater 

mean mathematics scores compared to those whose mothers (fathers) do not have any education. Mother 

(R4) in Table 3 represents the difference in the mean value of each of the background variable between 

the children of schooled and non-schooled mothers from Table 2. Similarly, Father (R4) captures the 

difference between the children of schooled and non-schooled fathers. We see from table 3 that children 

whose parents are schooled have better mathematics score along with better background characteristics 

compared to the children whose parents are non-schooled. These differences in background characteristics 

are highly significant between them. 
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Table 3 Sub-sample difference in mean background features 

Variable Overall Mean Difference in mean background characteristics between the children of Schooled 

mother (and father) and non-schooled mother (and father) 

 R 4 Mother (R4) Father (R4) 

Math Score 14.479 3.797*** 1.859*** 
 (7.074)   

Fathers Education 5.644 5.191*** - 

 (5.045)   

Mothers Education 3.632 - 3.936*** 

 (4.314)   

Household Size 4.753 -.126 -0.117 

 (1.908)   

Assets 30018.64 10139.46*** 18985.76*** 

 (44478.14)   

School Cost 19226.17 12608.9*** 12012*** 

 (26380.52)   

Expenditure 7.170 .145*** 0.202*** 

 (.588)   

Years 13.448 .870*** 0.400*** 

 (1.745)   

Time Allocation 2.013 .624*** 0.263** 

 (1.441)   

English Score 16.513 1.840*** 1.814*** 

 (3.306)   

Gender .550 -.0796** -0.156*** 

 (.498)   

Age in Months 227.877 -.614 -0.642** 

 (4.134)   

Body Mass Index 19.933 .067 1.615** 

 (8.743)   

Drinking Water .980 .0242** 0.015 

 (.137)   

Household Quality .725 .061*** 0.092*** 

 (.217)   

Type Of School .425 -.240*** -0.181*** 

 (.494)   

Observations 522

Note: ***p<0.01, ** p<0.05, * p<0.10: Standard Deviations are in parentheses 

The mean values of each background variables for each group is shown in Table 2 

 

 The Table 4 summarizes the outcome variable, the mathematics test score, which in this table 

is standardized. The normalization of the scores is done by dividing the respective group scores by the 

standard deviation of overall sample for the ease of comparison. The test score is greater for the children 

whose mothers (fathers) have positive years of education as compared to those children whose mothers 

(fathers) do not have any education. We learn from here that the mathematics learning gap is significant 

between the children based on each parents’ schooling status. We learn from here that the difference is 

more magnified between the children of schooled and non-schooled mothers compared to the difference 

between the children of schooled and non-schooled fathers.  
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Table 4: The Mean Math Test score by the groups (Round 4) 

 Overall Schooled 

Mothers (+) 

Non-Schooled 

Mothers (0) 

Difference 

(+)-(0) 

Schooled 

Fathers (+) 

Non-Schooled 

Fathers (0) 

Difference 

(+)-(0) 

Math Score (Mean) 2.04 

1.00 

2.30 

0.94 

1.771 

0.991 

0.537*** 

(0.084) 

2.135 

0.994 

1.872 

0.994 

0.263*** 

S. Dev. (0.093) 

N 522 269 253  350 172  

Note: ***p<0.01; Figures in parenthesis are standard errors; The test scores have been normalized by dividing it with the standard deviation of the overall 

sample for ease. 

 

 

We find evidence that the features of these two groups of children are significantly different. How 

much of this difference explains the difference in the mathematics score is what we deal with in the 

remaining section. The primary objective of the chapter is to study the difference in the mean learning on 

mathematics between the children of schooled and non-schooled parents by decomposing it with respect 

to a set of background characteristics. We have done this using the threefold Blinder-Oaxaca 

decomposition to place the difference in mean learning in a larger context. 

 As we have divided the data into two groups which are the mothers/fathers who have positive 

years of education (+) and the rest whose mothers/fathers have no education (0). The outcome variable 

here is the mathematics test scores (EA) of the children collected during the time of fourth round survey.  

The difference of the mean test scores between the two groups can be expressed as: 

                                                       𝐷 = 𝐸(𝐸𝐴+) − 𝐸(𝐸𝐴0)  (3) 

 Using (2) for each group separately (and following Blinder, 1973; Oaxaca, 1973; Jann, 2008) 

the contribution of the group difference in the predictors to the overall outcome difference can be 

rearranged as follows: 

𝐷 = {𝐸(𝑋+) − 𝐸(𝑋0)}′𝛽 + 𝐸(𝑋0)′(𝛼 − 𝛽) − {𝐸(𝑋+) − 𝐸(𝑋0)}′(𝛼 − 𝛽) 

This is referred to as threefold decomposition. A more detailed derivation and discussion of the equation 

is discussed in the previous chapter. The reference category in our analysis is the children of private 

schools and the point of analysis in the empirical results is the children of public schools. 
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𝐷 = 𝐸 + 𝐶 + 𝐼 

The first component, 

𝐸 = {𝐸(𝑋+) − 𝐸(𝑋0)}′𝛽 

The part of the learning difference which is due to the group difference in the mean background 

features and it is called “endowments effect”. This means that if the children of non-schooled mothers 

(fathers) had had similar average characteristics (𝑋̅+) as the children of schooled mothers (fathers), keeping 

their returns (𝛽𝑠) at the current level, this is how much their scores would have improved. In other words, 

the difference in mean background characteristics of the children of schooled mothers (fathers) and the 

children of non-schooled mothers (fathers) applied to the impact of the children of non-schooled mothers 

(fathers).  

𝐶 = 𝐸(𝑋0)′(𝛼 − 𝛽) 

This part measures the contribution to the learning gap by the differences in the 

coefficients/returns (𝛼 − 𝛽) of the two groups which also includes the intercepts. The part of the gap in 

learning outcome of the two groups of children explained by the differences in groups’ impact of the 

background features. If the children of non-schooled (0) mothers (fathers) had had similar average returns 

(𝛼) as the children of schooled (+) mothers (fathers), keeping their features (𝑋̅0) at the current level, this 

is how much their scores would have improved. The gap in the average returns to the background features 

applied to the average features of the children of non-schooled mothers (fathers).  

𝐼 = {𝐸(𝑋+) − 𝐸(𝑋0)}′(𝛼 − 𝛽) 
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And the third component, is an interaction term which accounts for the fact that the differences 

in endowments and coefficients exist simultaneously between the two groups. In our study, we estimate 

these three effects (at two points) based both on the schooling status of mothers and fathers and discuss 

the results in detail. 

These three effects (from equation 2) are portrayed in figure 1, which has been borrowed from 

Arteaga and Glewwe (2014) and has been modified slightly based on our needs. The decomposition of 

tests score gap between the groups of children (in total, four based on each parents schooling status) at 

each point is shown. The first component, endowment effect is shown by the move from point E to F. This 

shows the increase in the test score of an average child of non-schooled mother (father) if they had had 

similar average features as the child of schooled mother (father). The second term of the equation, the 

coefficient effect is shown by the vertical distance between A and C, which is the increase in the test score 

of an average child of a non-schooled mother (father) if they had similar returns as an child of a schooled 

mother (father). The interaction effect, which is the last part of the equation, an interaction of the previous 

two effects is displayed by the distance between B and G. 
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  Figure 1: Decomposition of Test score gaps between children 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.0.4.1 Empirical Results 

 

The Table 5 shows the actual Blinder-Oaxaca decomposition of the mean difference in the 

mathematics test scores for the two groups (based each on individual parents’ schooling status). The idea 

as derived in the methodology was to break the difference into its various components which would tell 

how much of the difference is caused by the differences in the endowment of the two groups, how much 

of the difference is because of the differences in the coefficients (or returns to the background 

characteristics), and how much is because of the interaction of endowments and coefficients. The 

difference in the mean test score of the two groups (on the basis of mothers’ schooling) is approximately 

3.79 points (or 0.537 standard deviations). This difference on the basis of fathers schooling stands at 1.859 

points (or 0.263 standard deviations). 
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The first thing that we notice from table 5,which we have pointed out earlier as well, that this 

difference is more magnified based on mothers’ schooling status as compared to the difference based on 

the schooling status of fathers. On the standardized score, the learning gap stood at 0.537 standard 

deviation between the children of schooled and non-schooled mothers. Whereas, this difference between 

the children of schooled and non-schooled fathers stood at 0.263 standard deviation. In the same table we 

have also shown the results on the decomposition of these learning difference between these groups of 

children using then threefold Blinder Oaxaca decomposition. We see that the differences in the 

endowments (which we talked about earlier from Table 4) is a consistent influencer of the learning gap 

between these groups of children. What this effect (endowments) means is that if the children of non-

schooled parents had had similar average features as the children of schooled parents (𝑋̅+), keeping the 

returns 𝛽 for them at the current level, a large part of the learning difference between them would  have 

been removed. We also learn from here that this effect is stronger between the children of schooled and 

non-schooled fathers as compared the same between the children of schooled and non-schooled mothers. 

This removal of differences in endowments would have removed the gap in learning between the children 

of schooled and non-schooled mothers by 65 percent (0.35 standard deviation out of total 0.537 standard 

deviation). Whereas this removal would have actually made the children of non-schooled fathers to 

perform better than the children of schooled fathers. In sum the differences in endowments is causing the 

children of non-schooled parents to underperform in general. This is also leading to the children of non-

schooled fathers to underperform and stopping them to outperform the children of schooled fathers. The 

differences in returns to background characteristics does not operate between the children of schooled and 

non-schooled fathers, however, it does have a role to play between the children of schooled and non-

schooled mothers. 32 percent (0.167) of the total difference in learning (0.537 standard deviation) is 
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explained by the differential returns to the background characteristics in favor of the children of schooled 

mothers. 

 Table 5: The Decomposition Results 

Note: p-values are in parenthesis.  

 Mothers Fathers 

 Coefficient (on raw score) 

Coefficients (on 

Standardized Math Score) Coefficient (on raw score) 

Coefficients (on 

Standardized Math Score) 

 R4 R4 R4 R4 

Mean Score-Schooled (+) 16.320 2.308 15.091 2.135 

(0.000) (0.000) (0.000) (0.000) 
Mean Score- Non-Schooled (0) 12.522 1.771 13.233 1.872 

(0.000) (0.000) (0.000) (0.000) 
Difference 3.798 .537 1.859 0.263 

(0.000) (0.000) (0.005) (0.005) 

Endowment Effect 

{𝐸(𝑋+) − 𝐸(𝑋0)}′𝛽 

2.472 .349 2.769 0.392 

(0.000) (0.000) (0.002) (0.002) 

Coefficient Effect 

𝐸(𝑋0)′(𝛼 − 𝛽) 

1.177 .167 -0.472 -0.067 
(0.047) (0.047) (0.404) (0.404) 

Interaction effect 

{𝐸(𝑋+) − 𝐸(𝑋0)}′(𝛼 − 𝛽) 

.1489 .021 -0.438 -0.062 

(0.810) (0.810) (0.595) (0.595) 
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Table 6: Detailed Decomposition Results (Round 4) 

Note: ***p<0.01, ** p<0.05, *p<0.10: Standard errors are in parentheses 

 

When we look at the detailed decomposition results of the Blinder-Oaxaca decomposition, they 

identify the individual factors that contribute to the three aforementioned effects. We find that the 

difference in the average background characteristics and differential returns to those background 

characteristics is the core cause of the learning difference between the children of schooled and non-

schooled parents. We learn from our results that the endowments effect (E) explains the majority (65 

percent of the total standardized difference) of the learning difference between the children of schooled 

and non-schooled mothers. Of the total E of 0.349 standard deviation between the children of schooled 

and non-schooled mothers, schooling cost incurred in the last academic year explains 17 percent (.064 

standard deviation). This variable explains a part of E between the children of schooled and non-schooled 

Variable Endowments Effect Coefficient Effect Interaction Effect 

 Mother Father Mother Father Mother Father 

Mothers Education - .091 - -.025 - -.096 

  (.090)  (.025)  (.098) 

Fathers Education -.077 - -.001 - -.001 - 

 (.063)  (0.048)  (0.084)  

Household Size .004 .004 .201 .172 -.005 -.004 

 (0.006) (.007) (0.173) (.186) (0.008) (.008) 

Assets -.012 -.005 .032 -.010 .013 -.011 

 (0.012) (.044) (0.040) (.043) (0.017) (.047) 

School Cost .064* .091* -.020 -.048 -.019 -.051 

 (0.039) (.053) (0.044) (.051) (0.043) (.055) 

Expenditure .001 .006 -.548 -.690 -.011 -.020 

 (0.014) (.023) (0.902) (.951) (0.019) (.028) 

Years .135*** .079** .306 -.675 .020 -.020 

 (0.036) (.036) (0.593) (.635) (0.040) (.021) 

Time Allocation .0220 -.005 .057 .192* .021 .027 

 (0.025) (.012) (0.085) (.100) (0.032) (.020) 

English Score .211*** .178*** -.032 .460 -.004 .055 

 (0.044) (.045) (0.368) (.367) (0.044) (.044) 

Gender -.030* -.053** -.098 -.062 .014 .015 

 (0.018) (.025) (0.077) (.097) (0.013) (.024) 

Age in Months -.018 -.017 -5.105 -3.233 .014 .009 

 (0.013) (.013) (3.574) (3.867) (0.013) (.012) 

Body Mass Index 0 -.023 -.026 .140 0 .011 

 (0.004) (.038) (0.215) (.436) (0.001) (.038) 

Drinking Water -.001 -.001 .112 .095 .003 .001 

 (0.006) (.005) (0.563) (.461) (0.014) (.007) 

Household Quality .029* .041* -.006 .0747 -.001 .010 

 (0.016) (.022) (0.218) .(206) (0.019) (.029) 

Type Of School .023 .005 -.042 .028 -.022 .011 

 (0.026) (.022) (0.067) .071 (0.036) (.028) 

Constant - - 5.350 3.513 - - 

   (3.775) (3.961)   

Total .349*** .392*** .167** -.067 .021 -.062 
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fathers (.09 standard deviation or 23 percent of total E, 0.392 standard deviation) as well, making 

schooling cost a consistent explainer of the learning difference between the children of schooled and non-

schooled parents. This means that better spending capacity of the children of schooled parents is one core 

reason behind the gap in mathematics learning between the children of schooled and non-schooled parents. 

We find one worrying variable which explains the learning difference between the children of schooled 

and non-schooled parents. The years of schooling which captures the highest grade completed at the time 

of fourth round survey, explaining a large chunk of E between the children of schooled and non-schooled 

parents. This explains 21 percent of E or .08 standard deviation between the children of schooled and non-

schooled fathers, whereas it explains 40 percent of E or 0.135 standard deviation between the children of 

schooled and non-schooled mothers. We see that the variable is extremely important in explaining the 

learning difference between the children of schooled and non-schooled parents. What is worrying here is 

the existence of gap in average years of schooling between the children of schooled and non-schooled 

parents in the first place. These children fall in the same age group and the fact that some have greater 

years of schooling completed compared to others, means that there are several children lagging behind in 

continuing in education. One interesting result that comes out of the detailed decomposition is the extreme 

significance of the English language score on the mathematics learning gap between the children of 

schooled and non-schooled parents. This variable too is consistent where it explains 46 percent of E 

between the children of schooled and non-schooled fathers. Whereas this explains 60 percent of E between 

the children of schooled and non-schooled mothers. We must point this out here that the language in which 

the questionnaire was asked was in Telegu (local language) as well as English. Moreover, the children of 

schooled parents were able to perform better on mathematics, partly because they were better versed in 

English. There are other consistent contributor which explain percent a marginal part of the learning 

difference through E. This includes the gender of a child which explain 8 percent of E between the children 
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of schooled and non-schooled mothers. This stands at 12 percent between the children of schooled and 

non-schooled fathers. The household quality index explains 10 percent of E between the children of 

schooled and non-schooled fathers whereas this explains 8 percent E between the children of schooled 

and non-schooled mothers. We also find that the differential returns to background characteristics have 

role to play between the children of schooled and non-schooled mothers only. However, our results do not 

identify the factors that contribute to this effect in our detailed results. 

3.0.5 Summary and Conclusions 

 

In this chapter we have focused on the mathematics learning difference between the children of 

schooled and non-schooled parents. We have made use of the Young Lives Survey for the older cohort of 

the Indian children. Using the fourth round dataset, we categorize the children based on the schooling 

status of their parents individually. We see that there is a clear gap in mathematics learning between the 

children of schooled and non-schooled parents. We then put them together with respect to a set of 

background characteristics and we first notice that the children of schooled parents have better background 

characteristics compared to the children of non-schooled parents. To see how much of the mathematics 

learning between the children of schooled and non-schooled parents is because of these background 

differences, we apply the Blinder-Oaxaca decomposition. We find that the differences in the background 

characteristics are the core cause of the learning difference between these groups of children. 

We find that the endowments difference between the children of schooled and non-schooled parents 

is the most important reason that there exist a learning difference between them. Looking at the detailed 

results of decomposition we find that there are several consistent factors that contribute to the endowments 

effect (or the learning difference). The foremost contributor to the endowments effect between the children 

of schooled and non-schooled parents is the schooling cost incurred by the children in the last academic 

year. We also find that a major part of the endowments effect between these children is because of the 
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existence of a gap in years of schooling between these children which is worrying because these children 

fall in the same age group. This means that there must be a drop out from education (more so among the 

children of non-schooled parents) which is bringing down the average years of schooling and magnifying 

the gap between them. We also find that the English language score difference between the children of 

schooled and non-schooled parents is also an important contributor to the mathematics learning difference 

between them. Those children who scored well in English have scored well in mathematics as well. In the 

test questionnaire the children were asked questions in the native language (Telegu) as well as in English. 

If the questions were asked only in English, the explanation to the previously mentioned association 

between mathematics and English could be explained. “Children whose native language is not English 

scored lower than other children with similar backgrounds” (Leibowitz, 1977). Those children who are 

better versed in English scored better than those who are not that well versed. The gender of the child as 

well as the household quality index have a role, though marginal compared to other variables, to play as 

well in determining the mathematics learning gap between the children of schooled and non-schooled 

parents. We find that the differential returns to the background characteristics between the children of 

schooled and non-schooled mothers however, our results do not identify the factors that identify the 

contributors to C here. 

The results presented in this chapter give one important policy implication. This pertains to the 

framing of policies which would make it possible to obtain better schooling quality without having to 

spend as much. As we have seen in the results that one core reason that the children of schooled parents 

perform better is because they could spend more on education as against the children of non-schooled 

parents. There are two important exploratory implication of this chapter. Why is it that the children, though 

they fall in the same age group, a specific group has lesser average years of schooling. Is this because 

there is a dropout in this category or because staying in education is costly (or monetary opportunity cost 
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attached to it). This must be further researched and explored to establish as years of schooling variable is 

a core factor behind the existence of mathematics learning gap. The score on English language and its 

relationship with the mathematics score needs to be established as we, from our results, cannot say this 

for certain that the causality is from the side of English language.  
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3.1 Mathematics Learning Inequality among 

Indian Children: An Insight into Child Learning 

at two points with respect to Parental Schooling 

Status 
 

 

 

 

Abstract 

This chapter discusses mathematics learning difference between the children of schooled and non-

schooled parents in India, at two points. Using threefold Blinder-Oaxaca decomposition we break down the 

learning difference into the components that explain this gap. We learn that the primary cause of learning 

gap is the differences in average background features between them. In that, we also learn that the schooling 

cost contributes the most to the learning gap. The most important finding is the sudden significance of years 

of schooling on learning gap, the gap (in years of schooling) on which has magnified between these children 

in just four years. 
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3.1.1 Introduction 

 

In this chapter we continue from where we left in the previous chapter. We have only used the 

fourth round of the YL dataset in the previous chapter. However, in this chapter we add on to the 

exploration of mathematics learning inequality using the third round of dataset as well. We do this in order 

to see how the learning inequality looks at two points where the gap between the points is four years. We 

looked at the learning difference just at one point in time whereas here we repeat the same exercise when 

the YL children were four years younger. Doing this, we aim to draw a pattern of influence of the 

background characteristics which have a consistent significant influence on the learning inequality 

between the children of schooled and non-schooled parents. As we mentioned previously, the Trends in 

Mathematics and Science Study (TIMSS) were used on secondary school going Indian children from the 

states of Rajasthan and Orissa. The findings suggest that the Indian children performed differently and 

significantly poorly as compared to the international average (Kingdon, 2007). The Annual Statistics of 

Education Report (ASER), 2005 concludes that the increase in financial resources towards education do 

not reflect in children’s learning. ASER’s latter report also finds a decline in the ability to do basic math 

nationally, across classes (ASER, 2010). The previous literature has clearly informed us, across varied 

contexts (as discussed in detail in the first chapter as well as in the previous chapter) that there is a clear 

connection between the parental education and child achievement. (Crane, 1996; Davis, 2005; Paxson and 

Schady, 2007; Brown and Iyengar, 2008; Desai et al., 2008; Goyal, 2009; Barrera-Osorio et al., 2011; 

Burger, 2011; Holmlund et al., 2011; Arteaga and Glewwe, 2014; Crookston et al., 2014; Sharma, 2014; 

Glewwe et al., 2015; Li and Qiu, 2018; Sanfo and Ogawa 2021). In this chapter, we explore the 

mathematics learning outcome of Indian children with respect to the schooling status of their parents. We 

do this using two rounds of Young Lives Survey dataset for the older cohort in this chapter. There are 

studies that have talked about the connection between the parental education and learning outcome of 
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children in the context of India (for instance Crookston et al., 2014; Desai et al., 2008; Goyal, 2009; 

Brown and Iyengar, 2008; Sharma, 2014). In this chapter, we study the mathematics learning inequality 

between the children of schooled mothers (fathers) and non-schooled mothers (fathers). We explore the 

mathematics learning inequalities at two points in these children’s lives, where the gap between the points 

is four years. In other words, we delve into the learning inequality of children based on individual parents’ 

schooling status at two points. We explore this inequality in learning with respect to a set of background 

characteristics of children in the empirical analysis of our research.  

The previous literature has talked about several background characteristics in relation to the 

learning outcome of children (see chapter 1 for more details). There are very few studies on Indian children 

that decompose the learning difference between certain groups of children to explain what causes that 

difference. In this chapter, we add on that aspect, where we specifically look into learning gap (on the 

basis of schooling status of parents) with respect to their background characteristics and try to 

associate/decompose the learning difference into parts/features that explain those. In this chapter, we 

slightly depart from these literature and add to the growing body of literature on the decomposition of 

differences in mean mathematics learning between children of schooled mothers (fathers) and children of 

non-schooled mothers (fathers). Our chapter is for a specific set of population at two specific points in 

time, when the children were 15-16 years old and 19-20 years old (during the third and fourth round YL 

surveys respectively). The children in the YL dataset are growing up in the context of poverty and the 

dataset traces the changes occurring in their lives over a period of time, since 2002. The idea in our chapter 

is to see if there is any significant background difference in the average characteristics between the 

children of schooled mothers (fathers) and non-schooled mothers (fathers). Furthermore, to see whether 

these differences (if any) in the background characteristics explain the learning difference between the 

groups and to what extent. To explore these questions, we have made use of threefold Blinder-Oaxaca 
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decomposition technique. This technique has been previously used in the previous literature to study the 

learning difference between groups of children in many contexts (for instance Ammermueller, 2007b; 

Zhang and Lee, 2011; Burger, 2011; Baird, 2012; Barrera-Osorio et al., 2011) but not in the context of 

India. The two point research that we have done in the context of India is rare and this is where our research 

fills the gap in Indian literature on learning inequality. 

 The rest of the chapter is organized as follows. Section 2 gives the description of data, source 

and variables used in our research along with descriptive statistics. Section 3 presents the methodological 

framework and empirical approach along with the results followed by summary and conclusion of the 

chapter in Section 4. 

3.1.2 Data and Variables 

 

In this chapter, we have used two rounds of Young Lives Survey data for the older cohort of Indian 

children. The longitudinal survey is a collaborative research project coordinated by the University of 

Oxford. This survey includes four developing countries, namely, Ethiopia, India, Peru, and Vietnam. To 

trace the changing nature of poverty, the survey has done five rounds so far, every four years since 2002. 

The survey sample in the YL is based on a pro-poor tendency which draws an equal number of boys and 

girls, based both in rural and urban communities. In the Indian survey, the 3000 children were selected 

from 20 sentinel sites which are now spread across two southern states of, Andhra Pradesh and Telangana. 

The sentinel site sampling methodology is a form of purposive sampling which represents a certain type 

of population. As the YL is a longitudinal study, a prolonged contact with the observations had to be 

maintained. In order to ensure that this has been maintained, the sentinel site methodology was found most 

suitable.  

The third and fourth round dataset for the older cohort of the Indian children were released in 2010 

and 2014 respectively. The survey in India was conducted on two age cohorts, young and old. The younger 
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cohort of the surveyed children were 8 months of age when the survey began in 2002 and the older cohort 

was 8 years old at that time. The older cohort is one-third of the total surveyed children in India, and they 

were born between Jan’94-June’95. The younger cohort, which makes the remaining sample of children, 

were born between Jan’01-June’02. Our study uses the dataset for the older cohort for the third and fourth 

round. In the third round the number of observations available were 977 whereas in the fourth round this 

was 952 from the older cohort. The attrition rate in the dataset has been kept very low (Singh, 2015). In 

this study we had to drop out some observations as the information required on various variable was 

missing. Moreover, we are also considering only those children who have either studied in public or 

private school. There were various other types of school that were attended by these children apart from 

these two but the majority were either in public or private schools.27 The information on various required 

variables were missing, which is why we ended up with a 522 workable observations from our dataset. If 

the information on any variable for a child was missing in either round, we dropped those observations as 

well. In this chapter we have done a two point study of the same set of children with a gap of four years 

between the points, we had to consider that the required information on all the variables were available 

for each of these round.  

In our chapter, the outcome of interest is the mathematics test scores of children at both of these 

surveyed points. The YL has collected the information on child’s achievement with the help of language 

and mathematics tests (Galab et al. 2014a). This mathematics test that we use in this study was designed 

for each round separately, however there were certain similarities between the rounds. In round 3, the 

mathematics test for the older cohort was divided into two sections. In the first one, there were 20 items 

pertaining to addition, subtraction, division, multiplication, and square roots (of both whole numbers and 

                                                           
27 The other type of schools that were attended  by these children apart from public or private schools included private 

aided, NGO/charity/Religious, informal or non-formal, charitable trust, bridge schools, and mix of public-private. In 

this study we have considered only those who have attended/attending purely public or private schools. 
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fractions). The 10 items of the second section involved mathematics problem solving, geometry, and 

measurement. Similarly, in the fourth round test, the mathematics test section was divided into five 

sections which asked questions pertaining to same aspects as the test in the round 3. Since there was a gap 

of four years between the rounds, difficulty level was adjusted (Dawes, 2020). There were 30 questions 

in total for each round and the scores were obtained by adding the correct response out of 30 marks. A 

more detailed information on the content of mathematics test is available in the questionnaire for each 

round. It must be noted here that there indeed were similarities in these tests between the rounds (Dawes, 

2020), the marks obtained cannot be directly compared between rounds (Dawes, 2020; Rolleston, 2014). 

To make the tests comparable between the rounds, the reliability and validity of these has to be checked. 

There are studies (for instance Cueto and Leon, 2012; Azubuike et al., 2017) that have done a comparison 

between rounds using the Classical Test Theory (CTT) and Item Response Theory (IRT). The usage of 

these tests brought the test scores to a uniform comparable scale making comparisons between the rounds 

possible. In our study, we have not done a direct comparison between the rounds hence we have not 

applied these tests here. 

Table 1 gives a description of the variables used in our chapter based on the review of literature. 

Please note that that there are some variables which have slightly different description and composition 

for both rounds. The descriptive statistics of these variables is presented in Table 2 for each round. Table 

2 also shows the descriptive statistics based on the sub-groups of children. The test score that we use in 

our study has either been standardized or used in its raw form. The standardized test scores (for comparison 

between groups in a particular round) are shown in Table 3 for the whole sample as well as for the sub-

samples. Moreover, this is also shown for both the rounds separately. We can see from this table that there 

is a gap in average learning based on each parents’ schooling status. Moreover, this gap is more magnified 

among children, based on mothers’ schooling status as compared to the children based on fathers’ 
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schooling status at both the survey points. In Table 4, we have presented the mean values of each of the 

variables used in our study for the whole sample as well as the sub-sample. We see that the majority of 

the variables, on an average, are significantly better for the children of schooled parents at both the survey 

points. The aim now is to see which of these differences (in characteristics) contribute to the learning 

difference between the children of schooled mothers (and fathers) and non-schooled mothers (and fathers). 

The round four part of the tables has also been included in here for comparison, however, this part is 

discussed in isolation in the previous chapter. 
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Table 1: Description of the Variables 

 

 Variables Description 

Mathematics test Score 

Raw test score on mathematics of YL child collected at the time of surveys out of 30 marks. 

This has also been standardized using the standard deviation of whole sample in each round 

for ease of comparison. 

Parental Education (PE)28 

 

Mothers Education YL child’s mothers’ education in years 

Fathers Education YL child’s fathers’ education in years 

Household Features (H) 

 

 

 

Household Size Number of family members in YL child’s household 

Assets (Round 4) Value of the five most valuable assets owned, rented or borrowed in the YL child’s 

household (in rupees) 

Assets (Round 3) Value of assets owned, rented or borrowed in the YL child’s household (in rupees) 

School Cost (Round 4) Total expenditure (in rupees) incurred on school in the last academic year.29 

School Cost (Round 3) How much has the YL household spent on school fees and extra tuition for the child per 

year (in rupees). The composition of this cost is different from the round 4 cost. 

Expenditure (Round 4) The log of per capita monthly expenditure of YL child’s household (in rupees) 

Expenditure (Round 3) 
The log of real per capita monthly expenditure (in rupees) of YL child’s household; base 

2006 prices 

Child Specific Features (C) 

 

 

Years Years of schooling received by YL child at the time of surveys 

Type of School =1 if attended/attending public school last, 0 if private. 

Time Allocation Time spent by YL child on studies apart from that in school on a typical day 

English Score Raw test score on English of YL child collected at the time of survey out of 30 marks30 

Gender =1 if male; 0 otherwise 

Age in Months Age of the YL child in months at the time of surveys 

Body Mass Index Body mass index of the YL child at the time of surveys 

Others (O) 

 

Drinking Water Index constructed for whether or not the YL household has safe drinking water facility 

Household Quality A simple average of the following:31 

 

  

                                                           
28 The parents in our dataset have received school education (up to Grade 12), post-secondary/vocational education, 

adult literacy, and university education. Those who have received post-secondary education, they have been treated 

as having obtained 13 years of education. The university graduates have been treated as having received 15 years of 

education since university education lasts for 3 years after finishing Grade 12. There are no parents who have received 

education beyond university education. The parents who have received just the adult literacy, they have been taken as 

having received just 1 year of education. 
29 In the fourth round this cost is the sum total of the tuition fees, education charges, private tuition, accommodation, 

transportation, uniforms, stationary etc. in the last academic year. The school level heterogeneity is captured by the 

variance in the sum total of these costs. 
30 This information is available only in the fourth round survey. 
31 Crowding (scaled sleeping rooms per person), main materials of walls-dummy variable that takes the value 1 if 

main materials of the walls satisfied the basic norms of quality, main materials of roof, and main materials of floor. 

(Azubuike and Briones, 2016). 



72 
 

Table 2: Descriptive Statistics (mean) of overall and sub-samples 

Note: Standard Deviations are in parentheses 

Variable Means Overall Schooled Mothers Non-Schooled Mothers Schooled Fathers Non-Schooled Fathers 

 R 4 R3 R 4 R3 R 4 R3 R 4 R3 R4 R3 

Math Score 14.479 11.312 16.319 12.996 12.521 9.521 15.091 11.871 13.232 10.174 
 (7.074) (6.156) (6.644) (5.950) (7.004) (5.869) (7.028) (6.280) (7.024) (5.749) 

Fathers Education 5.644 5.643 8.160 8.160 2.968 2.968 8.417 8.417 - - 

 (5.045) (5.045) (4.580) (4.580) (4.047) (4.047) (3.820) (3.820) - - 

Mothers Education 3.632 3.632 7.048 7.048 - - 4.926 4.926 1 1 

 (4.314) (4.314) (3.466) (3.466) - - (4.429) (4.429) (2.506) (2.506) 

Household Size 4.753 5.086 4.691 5.115 4.818 5.055 4.714 5.074 4.831 5.110 

 (1.908) (1.974) (1.856) (2.245) (1.963) (1.641) (1.851) (2.079) (2.023) (1.749) 

Assets 30018.64 9291.452 34932.97 11312.16 24793.52 7142.957 36274.49 13128.39 17288.72 1483.738 

 (44478.14) (52007.87) (43939.72) (54614.45) (44537.56) (49101.88) (50215.62) (63122.31) (25257.2) (4194.275) 

School Cost 19226.17 2723.567 25337.38 3835 12728.48 1541.846 23184.22 3562.071 11171.99 1017.308 

 (26380.52) (5344.192) (30585.59) (6151.854) (19018) (4009.821) (29750.13) (6106.549) (14719.68) (2558.033) 

Expenditure 7.170 6.776 7.240 6.866 7.095 6.680 7.237 6.887 7.035 6.552 

 (.588) (.561) (.575) (.527) (.593) (.580) (.587) (.524) (.568) (.568) 

Years 13.448 8.641 13.869 8.728 13 8.549 13.58 8.666 13.180 8.593 

 (1.745) (1.308) (1.569) (1.399) (1.813) (1.199) (1.711) (1.331) (1.789) (1.265) 

Time Allocation 2.013 2.626 2.316 2.921 1.691 2.312 2.1 2.703 1.837 2.471 

 (1.441) (1.293) (1.437) (1.342) (1.377) (1.162) (1.467) (1.310) (1.375) (1.249) 

English Score 16.513 - 17.405 - 15.565 - 17.111 - 15.297 - 

 (3.306) - (3.104) - (3.255) - (3.073) - (3.437) - 

Gender .550 .550 .509 .509 .588 .588 .497 .497 .651 .651 

 (.498) (.498) (.501) (.500) (.492) (.493) (.501) (.501) (.478) (.478) 

Age in Months 227.877 179.197 227.579 178.825 228.193 179.592 227.666 178.954 228.308 179.692 

 (4.134) (4.105) (4.194) (4.180) (4.053) (3.994) (4.153) (4.072) (4.073) (4.140) 

Body Mass Index 19.933 17.608 19.966 17.969 19.899 17.224 20.466 17.872 18.851 17.07 

 (8.743) (2.767) (4.295) (2.875) (11.765) (2.598) (10.501) (2.899) (2.474) (2.399) 

Drinking Water .980 .963 .992 .985 .968 .940 .986 .974 .971 .9419 

 (.137) (.187) (.086) (.121) (.175) (.236) (.119) (.159) (.168) (.235) 

Household Quality .725 .604 .754 .622 .693 .585 .756 .631 .663 .550 

 (.217) (.298) (.200) (.252) (.2297) (.340) (.187) (.235) (.258) (.393) 

Type Of School .425 .60 .308 .505 .549 .747 .366 .522 .547 .826 

 (.494) (.485) (.462) (.500) (.498) (.435) (.482) (.500) (.499) (.381) 

Observations 522 269 253 350 172 
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Table 3: The Mean Math (standardized) Test score by the groups 

 Overall Schooled Mothers (+) Non-Schooled Mothers (0) Difference (+)-(0) Schooled Fathers (+) Non-Schooled Fathers (0) Difference (+)-(0) 

R4 R3 R4 R3 R4 R3 R4 R3 R4 R3 R4 R3 R4 R3 

Math Score (Mean) 2.04 1.839 2.30 2.113 1.771 1.548 0.537*** 0.565*** 2.135 1.930 1.872 1.654 0.263*** 0.276*** 

S. Dev. 1.00 1.00 0.94 0.968 0.991 0.954 (0.084) (0.084) 0.994 1.02 0.994 .935 (0.093) (0.093) 

N 522 269 253  350 172  

 Note: ***p<0.01; Figures in parenthesis are standard errors; The test scores have been normalized by dividing it with the standard deviation of the overall sample for ease 
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Table 4: The Difference in the Means of explanatory variables between the groups 

Variable Overall Mean Difference in mean background characteristics between the children of Schooled mothers 

(and fathers) and non-schooled mothers (and fathers) 

 R 4 R3 Mother (R4) Mother (R3) Father (R4) Father (R3) 

Math Score (Raw) 14.479 11.312 3.797*** 3.474*** 1.859*** 1.70*** 
 (7.074) (6.156)     

Fathers Education 5.644 5.643 5.191*** 5.191*** - - 

 (5.045) (5.045)     

Mothers Education 3.632 3.632 - - 3.936*** 3.936*** 

 (4.314) (4.314)     

Household Size 4.753 5.086 -.126 .0599 -0.117 -0.036 

 (1.908) (1.974)     

Assets 30018.64 9291.452 10139.46*** 4169.2 18985.76*** 11644*** 

 (44478.14) (52007.87)     

School Cost 19226.17 2723.567 12608.9*** 2293.154*** 12012*** 2544*** 

 (26380.52) (5344.192)     

Expenditure 7.170 6.776 .145*** .186*** 0.202*** 0.335*** 

 (.588) (.561)     

Years 13.448 8.641 .870*** .179* 0.400*** 0.073 

 (1.745) (1.308)     

Time Allocation 2.013 2.626 .624*** .609*** 0.263** 0.232** 

 (1.441) (1.293)     

English Score 16.513 - 1.840*** - 1.814*** - 

 (3.306) -     

Gender .550 .550 -.0796** -.0796** -0.156*** -0.156*** 

 (.498) (.498)     

Age in Months 227.877 179.197 -.614 -.767** -0.642** -0.738** 

 (4.134) (4.105)     

Body Mass Index 19.933 17.608 .067 .744*** 1.615** 0.800*** 

 (8.743) (2.767)     

Drinking Water .980 .963 .0242** .044*** 0.015 0.032** 

 (.137) (.187)     

Household Quality .725 .604 .061*** .0376* 0.092*** 0.081*** 

 (.217) (.298)     

Type Of School .425 .622 -.240*** -.241*** -0.181*** -0.303*** 

 (.494) (.485)     

Observations 522 

Note: ***p<0.01, ** p<0.05, * p<0.10: Standard Deviations are in parentheses 

The mean values of each background variables for each group is shown in Table 2 

 

3.1.3 Methodological Framework and Empirical Approach 

As we have mentioned in the previous chapter that we have used the threefold Blinder-Oaxaca 

decomposition in the analysis, we do not detail the methodology here in the chapter as it has already been 

done in the previous chapter as well as in the second chapter. The reduced form equation for this 

decomposition (following Blinder, 1973; Oaxaca, 1973; Jann, 2008) could be depicted as follows: 

𝐷 = {𝐸(𝑋+) − 𝐸(𝑋0)}′𝛽 + 𝐸(𝑋0)′(𝛼 − 𝛽) + {𝐸(𝑋+) − 𝐸(𝑋0)}′(𝛼 − 𝛽)          (2) 

Here D stands for the difference in the mean mathematics score (raw or standardized) between 

the children of schooled mothers (and fathers) and non-schooled mothers (and fathers). Xs are the set of 
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(vector) of background characteristics, 𝛽 is the vector of slope coefficients for the children of non-

schooled mothers (fathers) and 𝛼 is for the children of schooled mothers (fathers). (+) denotes that the 

parents have been in school as against (0) which means they have no years of schooling. The coefficients 

include intercepts as well. We estimate Equation (2) separately, first, based on the schooling status of 

mothers followed by the schooling status of fathers. In the empirical analysis we need a reference category 

from the two groups (+ and 0) and we have taken (+) children to be that and the point of analysis is (0) 

children. 

𝐷 = 𝐸 + 𝐶 + 𝐼 

The three effects (at one point) have been described in detail in the previous chapter already. 

These three effects (from equation 2) are portrayed in figure 1, which has been borrowed from Arteaga 

and Glewwe (2014) and has been modified slightly based on our needs. The decomposition of tests score 

gap between the groups of children (in total, four based on each parents schooling status) at each point is 

shown. The first component, endowment effect is shown by the move from point E to F. This shows the 

increase in the test score of an average child of non-schooled mother (father) if they had had similar 

average features as the child of schooled mother (father). The second term of the equation, the coefficient 

effect is shown by the vertical distance between A and C, which is the increase in the test score of an 

average child of a non-schooled mother (father) if they had similar returns as an child of a schooled mother 

(father). The interaction effect, which is the last part of the equation, an interaction of the previous two 

effects is displayed by the distance between B and G. 

 

 

 



76 
 

  Figure 1: Decomposition of Test score gaps between children 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.1.3.1. Empirical Results 

 

The results for decomposition equation (2) are shown in table 5. On the standardized scores, we see 

that in round 4, the learning difference between the children of schooled and non-schooled mothers (0.537 

standard deviations) is double the difference between the children of schooled and non-schooled fathers 

(0.263 standard deviations). Same is true for this difference in round 3, where they stood at 0.565 standard 

deviations and 0.276 standard deviations respectively. We see here that the learning differences are more 

magnified (at both points) based on mothers’ schooling status as compared to fathers’ schooling status. 

This difference does not go away even when the children are older by four years in round four. Our 

findings decompose these learning differences based on each parent’s schooling status and for each round 

separately. In table 5 we see that the most consistent contributor to these learning differences is the 
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endowments effect (E). The results for round 4 find that, out of total difference of 0.537 standard 

deviations between the children of schooled and non-schooled mothers, E explains 65 percent (0.35 

standard deviation) of the difference here. Whereas E explained the entirety plus one-third more (0.39 

standard deviation) of the total learning difference (0.263 standard deviations) between the children of 

schooled and non-schooled fathers. The difference in average background explain only a part of the 

learning difference between the children of schooled and non-schooled mothers but it over-explained the 

same between the children of schooled and non-schooled fathers. If the gaps in average background were 

to be removed the gap in learning between the children of schooled and non-schooled mothers would have 

been cut short by 65 percent. On the contrary, this gap between the children of schooled and non-schooled 

fathers would have been removed and moreover, the children of non-schooled fathers would have 

performed better than their counterparts. In round 3 results, E does not explain any part of learning 

difference between the children of schooled and non-schooled mothers. Similar to round four result, 

between the children of schooled and non-schooled fathers, E explains the entirety as well as a part more 

(over-explains). We notice here the sudden significance (from round 3 to 4 results) of E between the 

children of schooled and non-schooled mothers whereas the consistent (and sole) significance between 

the children of schooled and non-schooled fathers. The difference in average features between the children 

of schooled and non-schooled mothers is causing the children of non-schooled mothers to underperform. 

However, these differences between the children of schooled and non-schooled fathers is not only causing 

the children of non-schooled fathers to underperform but stopping them to perform better than the children 

of schooled fathers. We do not find the significance of the coefficients effect (C) between the children of 

schooled and non-schooled fathers. Which means that there is no significant differences between them in 

terms of the returns to the background characteristics. However, we do find the role of C between the 

children of schooled and non-schooled mothers. In the results for round four we find that C explained 0.16 
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standard deviations (31 percent) of the total difference here. Whereas C explained 50 percent (0.28 

standard deviations) of the total difference between the children of schooled and non-schooled mothers in 

round 3 results. This means that if the differential returns to the background characteristics between the 

children of schooled and non-schooled mothers were to be removed, a large part of the learning difference 

(one third in round 4 and half in round 3) would have vanished. Looking at the E and C for round 3 and 4 

between the children of schooled and non-schooled mothers we see that the significance of former has 

become more important (where it was insignificant in round 3) and latter declined. There has been no 

change in E between the children of schooled and non-schooled fathers from round 3 to 4 results. We also 

find that the interaction of E and C, I is significant between the children of schooled and non-schooled 

mothers once in round 3 results when the children were four years younger where it explained 32 percent 

of total learning difference at this point.  
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Table 5: The Decomposition Results 

Note: p-values are in parenthesis. 

  

  

 Mothers Fathers 

 Coefficient (on raw score) 

Coefficients (on 

Standardized Math Score) Coefficient (on raw score) 

Coefficients (on 

Standardized Math Score) 

 R4 R3 R4 R3 R4 R3 R4 R3 

Mean Score-Schooled (+) 

16.320 12.996 2.308 2.113 15.091 11.871 2.135 1.930 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Mean Score- Non-Schooled (0) 

12.522 9.522 1.771 1.548 13.233 10.174 1.872 1.654 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Difference 

3.798 3.475 .537 .565 1.859 1.697 0.263 0.276 

(0.000) (0.000) (0.000) (0.000) (0.005) (0.003) (0.005) (0.003) 

Endowment Effect 

{𝐸(𝑋+) − 𝐸(𝑋0)}′𝛽 

2.472 .643 .349 .105 2.769 3.524 0.392 0.573 

(0.000) (0.246) (0.000) (0.246) (0.002) (0.017) (0.002) (0.017) 

Coefficient Effect 

𝐸(𝑋0)′(𝛼 − 𝛽) 

1.177 1.720 .167 .280 -0.472 -0.752 -0.067 -0.122 
(0.047) (0.007) (0.047) (0.007) (0.404) (0.214) (0.404) (0.214) 

Interaction effect 

{𝐸(𝑋+) − 𝐸(𝑋0)}′(𝛼 − 𝛽) 

.1489 1.111 .021 .181 -0.438 -1.075 -0.062 -0.175 

(0.810) (0.104) (0.810) (0.104) (0.595) (0.472) (0.595) (0.472) 
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Table 6: Detailed Decomposition Results (Round 4) 

Note: ***p<0.01, ** p<0.05, *p<0.10: Standard errors are in parentheses 

  

Variable Endowments Effect Coefficient Effect Interaction Effect 

 Mother Father Mother Father Mother Father 

Mothers Education - .091 - -.025 - -.096 

  (.090)  (.025)  (.098) 

Fathers Education -.077 - -.001 - -.001 - 

 (.063)  (0.048)  (0.084)  

Household Size .004 .004 .201 .172 -.005 -.004 

 (0.006) (.007) (0.173) (.186) (0.008) (.008) 

Assets -.012 -.005 .032 -.010 .013 -.011 

 (0.012) (.044) (0.040) (.043) (0.017) (.047) 

School Cost .064* .091* -.020 -.048 -.019 -.051 

 (0.039) (.053) (0.044) (.051) (0.043) (.055) 

Expenditure .001 .006 -.548 -.690 -.011 -.020 

 (0.014) (.023) (0.902) (.951) (0.019) (.028) 

Years .135*** .079** .306 -.675 .020 -.020 

 (0.036) (.036) (0.593) (.635) (0.040) (.021) 

Time Allocation .0220 -.005 .057 .192* .021 .027 

 (0.025) (.012) (0.085) (.100) (0.032) (.020) 

English Score .211*** .178*** -.032 .460 -.004 .055 

 (0.044) (.045) (0.368) (.367) (0.044) (.044) 

Gender -.030* -.053** -.098 -.062 .014 .015 

 (0.018) (.025) (0.077) (.097) (0.013) (.024) 

Age in Months -.018 -.017 -5.105 -3.233 .014 .009 

 (0.013) (.013) (3.574) (3.867) (0.013) (.012) 

Body Mass Index 0 -.023 -.026 .140 0 .011 

 (0.004) (.038) (0.215) (.436) (0.001) (.038) 

Drinking Water -.001 -.001 .112 .095 .003 .001 

 (0.006) (.005) (0.563) (.461) (0.014) (.007) 

Household Quality .029* .041* -.006 .0747 -.001 .010 

 (0.016) (.022) (0.218) .(206) (0.019) (.029) 

Type Of School .023 .005 -.042 .028 -.022 .011 

 (0.026) (.022) (0.067) .071 (0.036) (.028) 

Constant - - 5.350 3.513 - - 

   (3.775) (3.961)   

Total .349*** .392*** .167** -.067 .021 -.062 
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Table 6.1: Detailed Decomposition results (Round 3) 

Note: ***p<0.01, ** p<0.05, *p<0.10: Standard errors are in parentheses 

  

Variable Endowments Effect Coefficient Effect Interaction Effect 

 Mother Father Mother Father Mother Father 

Mothers Education - .105 - .0230 - .090 

  (.107)  (.030)  (.116) 

Fathers Education -.067 - .075 - .131 - 

 (0.075)  (0.058)  (0.101)  

Household Size -.006 .004 .542** .467** .006 -.003 

 (0.020) (.019) (0.220) (.236) (0.019) (.016) 

Assets -.004 .287 .003 -.037 .002 -.294 

 (0.007) (.209) (0.011) (.026) (0.007) (.210) 

School Cost .067 .166* -.034 -.063 -.051 -.158 

 (0.042) (.093) (0.032) (.039) (0.048) (.097) 

Expenditure -.008 -.014 2.248** 1.519 .062* .077 

 (0.020) (.044) (1.020) (1.052) (0.033) (.055) 

Years -.000 -.001 1.165** 1.024* .024 .009 

 (0.008) (.004) (0.518) (.559) (0.019) (.015) 

Time Allocation .069** .030 .016 .034 .004 .003 

 (0.033) (.020) (0.147) (.167) (0.039) (.016) 

English Score - - - - - - 

       

Gender -.037* -.077** -.104 -.099 .014 .023 

 (0.023) (.032) (0.096) (.117) (0.015) (.028) 

Age in Months -.014 -.011 -3.292 -1.310 .014 .005 

 (0.013) (.013) (3.470) (3.636) (0.016) (.015) 

Body Mass Index -.011 .020 .422 -.624 .018 -.029 

 (0.018) (.024) (0.514) (.581) (0.023) (.029) 

Drinking Water .014 .020 -1.166** -1.037*** -.055* -.036 

 (0.012) (.016) (0.473) (.399) (0.030) (.026) 

Household Quality -.001 -.004 .286* .174 .018 .026 

 (0.006) (.014) (0.166) (.151) (0.017) (.024) 

Type Of School .107** .048 .025 -.304 -.008 .112 

 (0.043) (.071) (0.156) (.216) (0.050) (.081) 

Constant - - .092 .111 - - 

   (3.551) (3.707)   

Total 0.105 0.573** 0.280*** -0.122 0.181* -0.175 
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As we have seen previously that the most consistent contributor to the learning outcome difference 

between both the groups of children is E. We now look into the individual factors that contribute to this 

effect in Table 6 and 6.1. Our results identify one core factor which is consistent between both the groups 

(except between the children of schooled and non-schooled mothers in round 3) which is the schooling 

cost incurred by the child in the last academic year (similar to previous findings such as in Kingdon, 1996). 

What this means is that better paying capacity towards education entails better learning outcome at two 

different ages (of children) and between both the groups. What is striking in our results is the sudden 

importance of influence of schooling cost between the children of schooled and non-schooled mothers. 

When the children were younger the learning outcome between the children of schooled and non-schooled 

mothers was not influenced by this cost. However, when the children got four years older in round four 

we see a sudden significant influence of this variable in explaining the learning gap between these 

children.32 Similarly, the gender of a child (similar to findings in Arteaga and Glewwe, 2014; Glewwe et 

al. 2015; Kingdon, 1996) is also found to be a determining factor for the learning outcome gap. This 

variable stays consistent in terms of its proportional contribution towards E at both the rounds. We find 

no other consistent contributor to the learning outcome gap between these groups of children. We do, 

however, find several other factors which now contribute to the learning gap between both the groups of 

children when they have gotten older in round four. The results for round four are worrying since they 

identify several factors which now explain a significantly (and consistently between both the groups at 

this point) large part of E among both the groups of children. We find that the gap in average years of 

schooling between the children of schooled and non-schooled mothers, and children of schooled and non-

schooled fathers, explain 40 percent (0.135 standard deviation) and 18 percent (.08 standard deviation) of 

E respectively (influence of this is also found in Glewwe et al. 2015 in Vietnamese children). The gap in 

                                                           
32 We must be careful in interpreting this variable since the definition and composition of this variable differs for each 

round. For details see Table 1. 
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mean years of schooling was marginal when the children were younger in round three (see table 4). This 

gap has magnified when the children are older in round four. During this time (from third to fourth round 

survey) the additional years of schooling obtained by the children of schooled parents is more than the 

children of non-schooled parents. The latter’s average years of schooling too has increased during this 

time but this increase is lesser than the increase for former. This could mean one of the following two 

things. The children of non-schooled parents have dropped out from school more often than the children 

of schooled parents bringing down the overall average in their respective groups. This could also mean 

that the children of non-schooled parents have repeated a grade more often than the children of schooled 

parents widening the gap in years of schooling between them.33 In either case, the average years of 

schooling obtained/gap is affected against the children of non-schooled parents. As Sanjay et al. (2014) 

points out that the drop out form education in this age group of Indian children is high, we must read these 

results in that context. Majority of the previous studies have not considered the years of schooling received 

by children in their analysis which we, in our study, found to have a significant explanation to provide for 

learning difference. We also find that the English language score has a core explanation to provide for the 

learning gap between the children of schooled and non-schooled parents in round four results. This stands 

at 60 percent (0.21 standard deviation) and 46 percent (0.18 standard deviation) of E, between the children 

of schooled mothers and non-schooled mothers, and schooled and non-schooled fathers respectively. The 

influence of English language score on the mathematics learning gap between these children should be 

read in the context of the questionnaire’s language. The question in the survey on mathematics were asked 

both in Telegu (local language) and English. We must also point this out here that the English language 

score was collected only during the fourth round survey. We could not confirm this result for the groups 

                                                           
33 The years of schooling variable is obtained by using the information on the highest grade completed. Even if a child 

has repeated a grade, we do not count that repetition (only completion of grade is counted as one additional year of 

schooling). 
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when they were four years younger in round three because of unavailability of information. A marginal 

contribution by the household quality index is also found between these children in round four results. We 

also find that the C is also significant in round four results between the children of schooled and non-

schooled mothers, however, our results do not identify the factors that explain this effect here. On the 

contrary, the results in round 3 find that C is significant and stands at 0.28 standard deviations, and 

significant factors are also found here. This includes years of schooling gap, household size, household 

quality index, and household expenditure. Their contribution is found to be more than the total C here, but 

these factors together, they explain 0.28 standard deviations of the total difference in learning. 

3.1.4 Conclusion and Policy Implications 

 

Using the third and fourth round of Young Lives Survey for the older cohort of Indian children, 

we explore the mathematics learning difference between the children of schooled and non-schooled 

parents. We do this on the basis of each of the parents’ schooling status separately. We divide the children 

of YL into four groups which are children of schooled and non-schooled mothers, followed by children 

of schooled and non-schooled fathers. We study these children in two stages where the former two are 

looked together first, and then we also look into the latter two together. We also comment on the findings 

obtained among these groups to draw patterns of influence. We research the mathematics learning gap 

between these children with respect to a set of background characteristics which are discussed in Table 1. 

We see that mathematics learning for the children of schooled parents is better at both the survey points 

compared to the children of non-schooled parents. We also see that the differences in mathematics learning 

is more magnified between the children of schooled and non-schooled mothers compared to the children 

of schooled and non-schooled fathers at both the survey points. The first thing that we notice from the 

descriptive statistics is that the children of schooled parents have had consistently better average 

characteristics compared to the children of non-schooled parents. We then move on to explore the learning 
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differences between them with respect to the differences in the background characteristics to find out what 

explains the former. We do this using the threefold Blinder-Oaxaca decomposition at both of the survey 

points and based on each parents’ schooling status. 

In exploring these aspects we learn that the endowments difference between these groups of 

children at both of the survey points explain a large part of the learning difference between them. The 

endowments effect is found to be the most significant explainer of the learning differences between these 

groups of children. This captures the effect of differences in the considered background characteristics 

(mean of these) on the learning outcome of children. The removal of background differences between 

these groups of children would have partly (between the children of schooled and non-schooled mothers) 

and fully34 (between the children of schooled and non-schooled fathers) removed the gaps in learning. We 

also find that the differential returns to the background features (captured by C) also provides some 

explanation but this effect is not as consistent as E. We find that the differential returns to these 

background features work in favor of the children of schooled mothers as against the children of non-

schooled mothers. This is the reason we saw in our results that the coefficient effect explains almost half 

and one-third of the learning difference between the children of schooled and non-schooled mothers for 

round three and round four results respectively. We also find that the interaction of endowments and 

coefficient effect significantly affecting the learning difference between the children of schooled and non-

schooled mothers in the results for round 3 when the children were younger. 

The detailed results for the decomposition identifies the factors that contribute to these three 

aforementioned effects. The most consistent among the factors include the schooling cost difference 

between the children of schooled and non-schooled parents which is consistent with many of the previous 

                                                           
34 We have seen in the results that the differences in the features between the children of schooled and non-schooled 

fathers is not only stopping the children of non-schooled fathers to underperform but to perform better than the children 

of schooled fathers. 
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findings. The gender dummy included in our model is also found to have a significant contribution to E 

and C. We also find that there are several factors which did not explain these effects when the children 

were younger but when the children are older they have a significant part to contribute to these. These 

factors include the gap in years of schooling between the children of schooled and non-schooled parents 

which has magnified between the rounds. The English language score gap between the children of 

schooled and non-schooled parents has also a part to explain E. We must understand that the score on 

mathematics test that we have used in our study was asked in both English and Telegu (local language). 

Our results imply that those children who were better versed in these languages have performed better. A 

marginal part of E is also explained by the household quality index difference between the children of 

schooled and non-schooled parents. The results for round four do not identify the factors that explain C 

between the children of schooled and non-schooled mothers. Only one-third of I (which is significant in 

round three between the children of schooled and non-schooled mothers) provided by the expenditure 

variable. 

There are several policy implications as well as investigative directions which come out of our 

study. The foremost policy implication of our study pertains to the schooling cost variable. This aspect 

must be pursued in a direction to make children avail better quality education. As is known that better 

spending capacity on education entails better quality of education. Policies must be pursued to level this 

gap in a way to improve the quality of education which should be reflected in the learning by these 

children. It should not be the case that the children who could spend better are the only one to perform 

better. The ability to spend should not be the determining factor in learning. The second important 

implication pertains to the years of schooling gap. As these children belong to the same age group, sudden 

magnification of this gap in just four years is worrying. An exploration of this to figure out if there is 

financial opportunity cost attached to staying in education. If so, financial incentives to be provided to 
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children in order to make them stay in education. The investigative direction in which our study points 

out is the further exploration of years of schooling gap in order to provide an explanation for widening 

years of schooling gap given that these children fall in the same age group. Moreover, a more nuanced 

explanation is needed for the English language score and its relationship with the mathematics score. This 

needs to be studied in the context of our results. 
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4.0 Mathematics Achievement of Public and 

Private School Children: Why is One Better? 
 

 

 

 

Abstract 

Departing from the previous two chapters, in this chapter we explore the mathematics learning 

difference between the children of private schools and public schools. Making use of the fourth round of 

Young Lives Survey data for the older cohort of Indian children, we categorize the children into those 

who have attended private school last or attending private schools and public school attended/attending. 

The first thing that we notice is that there is a clear significant inequality in learning between the children 

of private schools and public school. Going into their background characteristics we learn that the children 

of private schools have better background characteristics compared to the children of public schools. After 

further exploration of the learning difference with respect to these background features difference, using 

the threefold Blinder-Oaxaca decomposition, we find that the entire difference between these children is 

because of the background features difference (endowments effect). We find in our results that the 

differences in the background features of these children is causing the children of public schools to 

underperform as well as perform better than the children of private schools. 

 

 

 

Keywords: Mathematics Achievement; India; Mothers’ Education; Blinder-Oaxaca 

Decomposition; Endowment Effect; Coefficient Effect 
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4.0.1 Introduction  

 

In India, the demand for secondary education is seeing an increase (a part of which is through private 

schooling) because of its lucrative nature. The poor management of public schools, particularly the teacher 

absenteeism may have encouraged the rapid growth of private schooling in India (Kingdon, 2007). This 

increase is also affected by the common perception that the private schools provide better quality 

education (Wadhwa, 2009). In India, the enrolment in private schools is associated with better learning 

outcomes of children after controlling for the background characteristics (Desai et al. 2008). Many of the 

previous literature have captured the quality of education using learning outcomes of children as an 

indicator (Kingdon, 1996; Goyal, 2009; Singh, 2015; Singh and Mukherjee, 2019). Studies (such as 

Kingdon, 1996; Desai et al., 2008; Goyal, 2009; Wadhwa, 2009; Chudgar and Quin, 2011; Wamalwa and 

Burns, 2012; Singh, 2015; Singh and Mukherjee, 2019) have found an association between attending 

private schools and having better learning/achievement scores among Indian children. There are other 

studies where this effect is not apparent like the ones mentioned before. Goyal and Pandey (2009 in their 

study of Indian children have found a private schooling effect but the results suggest that the quality of 

both the type of schooling is poor. Muralidharan and Sundararaman (2015) in their study of children from 

the state of Andhra Pradesh (southern state of India) find that there is no public-private difference in 

learning in some aspects. 

The public expenditure on education in India as a percentage of GDP has been increasing over the 

years and slightly since 2010.35 The Annual Status of Education Report (ASER) 2005 concludes that the 

increase in the financial resources towards education does not reflect in the levels of learning in primary 

education (ASER, 2005). The latter reports conclude that there is a decline in the ability to do the basic 

                                                           
35 As per the Ministry of Human Resource Development’s Educational Statistics at a glance 2014 on Education and other 

departments. 
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math nationally, which is visible across all classes (ASER, 2010). In this chapter we explore the 

mathematics learning inequality between the children of public and private schools. The chapter uses 

fourth round of Young Lives Survey data for the older cohort of Indian children in the analysis. We delve 

into the mathematics learning inequality between a set of public and private school children of India at a 

point. The children that we research in this chapter hail from two southern states of Andhra Pradesh and 

Telangana. The children surveyed in YL are now spread across these two states. We decompose the gap 

in mean mathematics learning between the said groups of children using the threefold Blinder Oaxaca 

decomposition. The YL’s preliminary findings for the latter round (fourth) points out that although there 

is an increasing choice of private schools, the gap is magnifying between the boys attending private 

schools and girls attending private schools (Galab et. al. 2014a).  

The previous literature has explored several factors to study the learning outcomes of children in 

various socio-economic contexts. As we have used the YL dataset in our study, we must mention here that 

many studies have made use of this dataset to study the learning outcomes of these children. To research 

the learning aspect of all the four surveyed countries by YL (Ethiopia, India, Peru, and Vietnam), Dercon 

and Krishnan (2009) and Crookston et al. (2014) have investigated these different socio-economic set ups. 

Using the Peruvian YL dataset, Arteaga and Glewwe (2014) study the learning outcome difference 

between the indigenous and non-indigenous children. Similarly, Glewwe et al. (2015) explore the learning 

difference based on the ethnicity of Vietnamese children. They study the learning differential between the 

Kinh community and ethnic minority children using Vietnam’s YL dataset. Singh and Mukherjee (2019), 

using Indian YL dataset, explore the connection between type of school attended and cognitive skills of 

Indian children. And Sanfo and Ogawa (2021) study the rural-urban learning difference using the 

Ethiopian YLS data. 
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Previous literature has studied the learning outcome of children from many countries in depth. Among 

the lower income countries, several aspects have been explored in connection with the learning outcome 

of children. For instance, Zhang (2006) looks into the learning disadvantages of children from Sub-

Saharan Africa. The learning differences (in Burger, 2011; Das et al. 2013) among the Zambian children 

have been studied as well. Similar to Arteaga and Glewwe (2014), Sakellariou (2008) has studied the 

mathematics learning difference between the indigenous and non-indigenous Peruvian children. In their 

study of Ecuadorian children, Paxson and Schady (2007) investigate the connection between the parental 

education and learning outcomes of children. Learning outcomes of Children from the Asian countries 

such as China (in Li and Qiu, 2018) and Indonesia (in Barrera-Osorio et al. 2011) have also been studied 

in the previous literature. 

Similarly, the learning outcomes of children from high income countries has also been 

extensively studied in the previous literature. Among these studies, children from the United States of 

America (in Leibowitz, 1977; Crane, 1996; Currie and Yelowitz, 2000; Davis, 2005; Todd and Wolpin, 

2007) have been studied on many similar aspects as done in the studies mentioned before. Similarly, 

Australian children’s (in Cobb et al. 2014) learning outcomes with respect to their socio-economic 

background has been done too. On the same line, the learning outcome of children from Germany and 

Finland has also been explored in depth (Ammermueller, 2007b). Moreover, learning outcome of children 

from the OECD countries (in Zhang and Lee, 2011) as well as Swedish children (in Holmlund et al. 2011) 

have been researched too. 

The previous literature, although talks about the factors that have an influence on the learning 

outcomes of children, very few decompose the learning difference between groups of children in relation 

to their background characteristics. In this chapter, we attempt to add to the growing body of literature on 

the decomposition of learning outcome difference between public and private school children. Our chapter 
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is an attempt to add to the growing body of literature on the differences in average learning outcome of 

public and private school children (among children from poorer economic background). Using various 

features around which these children have grown, varying from socio-economic features, parental 

education level, and child specific features, the chapter researches the gap in average mathematics learning 

between the private school and public school children. The idea is also to see whether their respective 

differences (in the average background features, if any) explain the differences in the average learning 

outcomes and if so, to what extent. We have done this using the threefold Blinder-Oaxaca decomposition. 

There have been studies which have used the Blinder-Oaxaca decomposition to study the achievement 

gaps among children. For instance, Ammermuller (2007b), using the PISA-2000, has studied the 

achievement gap between the German and Finnish children. Zhang and Lee (2011) have also used this 

decomposition technique, using PISA-2006, to study the achievement gap between the OECD countries. 

Burger (2011) too studies the achievement differences between the urban and rural Zambian children 

using the SAMCEQ-II (South Africa Consortium for Monitoring Educational Quality) dataset. Baird 

(2012) studies the achievement gaps (using TIMSS for 2003) between the children with high socio-

economic status (SES) and lower SES among 19 high income countries. Another interesting study using 

the Blinder-Oaxaca technique is by Barrera-Osorio et. al. (2011) which studies the achievement 

improvement of the Indonesian children between two points using PISA 2003 and 2006. Using the 

threefold decomposition, we decompose the average learning outcome difference between the private and 

public school children and attribute it to the factors responsible for explaining the difference at two points.  

The rest of the chapter is organized as follows. Section 2 gives the description of data, source 

and variables used in our study along with descriptive statistics. Section 3 presents the methodological 

framework and empirical approach along with the results followed by summary and conclusion in Section 

4. 
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4.0.2 Data and Variables 

 

The study uses the longitudinal survey conducted by the University of Oxford. The survey includes 

four developing countries Ethiopia, India, Peru, and Vietnam. The 3000 children in the Indian survey were 

selected from 20 sentinel sites spread now across two southern states of Andhra Pradesh and Telangana. 

We have made use of the fourth round data for the older cohort on India (united Andhra Pradesh) that was 

released in 2014. This study uses the data on the older cohort for the fourth round when the children were 

around19-20 years of age. The round covers 952 children from the older cohort. Because we intend to 

look into the YL children at two points we need to make sure that the data is consistent between the rounds. 

Keeping that in mind we ended up with a dataset of 522 children. For more details on the dataset see 

chapter 2 where we have charted out the sampling method, site selection and everything pertaining to 

Young Lives Survey. The Table 1 gives the description of the variables used (which is a repetition from 

chapter 3.0) in the analysis and Table 2 gives the descriptive statistics of these described variables. 
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Table 1: Description of the Variables 

 Variables Description 

Mathematics test Score 

Raw test score on mathematics of YL child collected at the time of the survey 

out of 30 marks. This score has also been standardized using the standard 

deviation of the whole sample for comparison and ease of understanding. 

Parental Education (PE)36 

 

Mothers Education YL child’s mothers’ education in years 

Fathers Education YL child’s fathers’ education in years 

Household Features (H) 

 

 

 

Household Size Number of family members in YL child’s household 

Assets Value of the five most valuable assets owned in the YL child’s Household 

School Cost Total expenditure incurred on school in the last academic year. 

Expenditure The log of per capita monthly expenditure of YL child’s household 

Child Specific Features (C) 

 

 

Years Years of schooling received by YL child at the time of fourth round survey 

Type of School =1 if attended/attending public school; 0 if private. 

Time Allocation Time spent by YL child on studies apart from that in school on a typical day 

English Score Raw test score on English of YL child collected at the time of survey 

Gender =1 if male; 0 otherwise 

Age in Months Age of the YL child in months at the time of fourth round survey 

Body Mass Index Body mass index of the YL child at the time of fourth round survey 

Others (O) 

 

Drinking Water 

 

Index constructed for whether or not the YL household has safe drinking 

water facility 

Household Quality A simple average of the following:37 

 

 

 

In our thesis, the outcome of interest is the mathematics test scores of children at the survey 

point. The YL has collected the information on child’s achievement with the help of language and 

mathematics tests (Galab et al. 2014a). The mathematics test that we use in this study was designed for 

each round separately and there were certain similarities between the rounds. More details on the test 

content and the questions that were asked to the surveyed children is available in chapter 2 and 4 in detail. 

  

                                                           
36 The parents in our dataset have received school education (up to Grade 12), post-secondary/vocational education, 

adult literacy, and university education. Those who have received post-secondary education, they have been treated 

as having obtained 13 years of education. The university graduates have been treated as having received 15 years of 

education since university education lasts for 3 years after finishing Grade 12. There are no parents who have received 

education beyond university education. The parents who have received just the adult literacy, they have been taken as 

having received just 1 year of education. 
37 Crowding (scaled sleeping rooms per person), main materials of walls-dummy variable that takes the value 1 if 

main materials of the walls satisfied the basic norms of quality, main materials of roof, and main materials of floor. 

(Azubuike and Briones, 2016). 
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Table 2: Descriptive Statistics (means) of overall and sub-samples (Round4) 

 

 

4.0.3 Theoretical Framework 

 

Based on the objective of the research, we employ behavioral framework in order to carry out the 

empirical analysis. There are various factors that have an influence on the mathematics achievement of 

the school going children based on the review of literature. The mathematics achievement (EA) can be 

depicted as a structural relationship between various variables. The input variables in this relationship 

includes the parental education (PE), household variables (H), child specific variables (C), and others (O). 

                                                  𝐸𝐴 = 𝑓(𝑃𝐸, 𝐻, 𝐶, 𝑂)  (1) 

The regression equation following this would take the following form: 

                 𝐸𝐴 = 𝛼0 + 𝛼1(𝑃𝐸) + 𝛼2(𝐻) + 𝛼3(𝐶) + 𝛼4(𝑂) + 𝜖𝑖      (2) 

 The 𝛼𝑖s are the row vectors of the coefficients that captures the total influence of the column 

vectors of set of variables in the bracket. The factors considered in the equation include the ones described 

in Table 1.  

 Overall Private Public 

Variables Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Math Score 14.479 7.07 16.38667 6.744 11.90 6.70 

Mothers Education 3.632 4.314 4.66 4.514 2.24 3.60 

Fathers Education 5.643 5.045 6.75 5.070 4.15 4.62 

Household Size 4.753 1.908 4.73 2.036 4.78 1.73 

Assets 30018.64 44478.14 35547.63 44685.45 22547.03 43181.86 

School Cost 19226.17 26380.52 28759.59 30584.56 6343.17 9218.29 

Expenditure 7.170 0.587 7.23 0.580 7.09 0.59 

Years 13.448 1.745 13.99 1.376 12.71 1.92 

Time Allocation 2.013 1.442 2.3 1.379 1.63 1.44 

English Score 16.513 3.306 17.27 2.924 15.50 3.52 

Gender .550 .498 0.58 0.494 0.51 0.50 

Age in Months 227.88 4.134 227.76 4.143 228.03 4.13 

Body Mass Index 19.933 8.744 19.74 3.489 20.20 12.79 

Drinking Water 0.981 0.137 0.99 0.115 0.97 0.16 

Household Quality 0.725 .217 0.75 0.204 0.69 0.23 

Type of School .425 .495 - - - - 

Observations 522 300 222 
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4.0.4 Methodology for Decomposition and Decomposition Analysis 

 

 The sub-sample of children that we study are the children who have either attended/attending 

public school and the children who have either attended/attending private schools. The sub-sample 

descriptive statistics (differences in the mean background features) of these groups of children is shown 

in Table 3. We see from this table that the children of private schools have better mathematics learning 

score, on an average, compared to the children of public schools. We also learn from this table that the 

children of private school have, on an average, better background features (from Table 1) compared to the 

children of public schools. These differences in the background features are highly statistically significant. 
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Table 3 Difference in the means of background features 

Note: ***p<0.01, ** p<0.05, * p<0.10: Standard Deviations are in parentheses 

The mean values of each background variables for each group is shown in Table 2 

 

The Table 4 summarizes the outcome variable, the mathematics test score, which in this table has 

been standardized. The normalization of the scores is done by dividing the scores with the standard 

deviation of overall sample. Even on the standardized test score we learn that the children from the private 

schools have better mathematics learning outcome compared to the children of public schools. 

Table 4: The Mean Math Test score by the groups (Round 4) 

 

 

 

 

 

 

Note: ***p<0.01; Figures in parenthesis are standard errors; The test scores have been normalized by dividing it with the standard deviation of the overall 

sample for ease of comparison. 

 

 

Variable Overall Mean Means of background variables Difference in the mean of background 

variables between the private and public 

school children 
 R 4 Private Public 

Math Score 14.479 16.38667 11.90 4.485*** 

 (7.074) (6.744) (6.70)  

Fathers Education 5.644 4.66 2.24 2.416*** 

 (5.045) (4.514) (3.60)  

Mothers Education 3.632 6.75 4.15 2.601*** 

 (4.314) (5.070) (4.62)  

Household Size 4.753 4.73 4.78 -0.05 

 (1.908) (2.036) (1.73)  

Assets 30018.64 35547.63 22547.03 13000.61*** 

 (44478.14) (44685.45) (43181.86)  

School Cost 19226.17 28759.59 6343.17 22416.43*** 

 (26380.52) (30584.56) (9218.29)  

Expenditure 7.170 7.23 7.09 .140*** 

 (.588) (0.580) (0.59)  

Years 13.448 13.99 12.71 1.281*** 

 (1.745) (1.376) (1.92)  

Time Allocation 2.013 2.3 1.63 .673*** 

 (1.441) (1.379) (1.44)  

English Score 16.513 17.27 15.50 1.771*** 

 (3.306) (2.924) (3.52)  

Gender .550 0.58 0.51 0.07 

 (.498) (0.494) (0.50)  

Age in Months 227.877 227.76 228.03 -0.27 

 (4.134) (4.143) (4.13)  

Body Mass Index 19.933 19.74 20.20 -0.46 

 (8.743) (3.489) (12.79)  

Drinking Water .980 0.99 0.97 0.01 

 (.137) (0.115) (0.16)  

Household Quality .725 0.75 0.69 .0530*** 

 (.217) (0.204) (0.23)  

Type Of School .425    

 (.494)    

Observations 522 300 222

 Overall Private Public Difference 

(Pr)-(Pub) 

Math Score (Mean) 2.04 2.317 1.683 .634*** 

S. Dev. 1.00 1.00 .947  

N 522 300 222  
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As we have seen earlier that the background features are significantly better for the children of 

private schools, in the following sections, we attempt to learn how much of that difference (in the 

background) explains the difference in the mathematics score. The primary objective here is to study the 

achievement scores by the two groups (with respect to a set of background features) and decomposing the 

differences in the mean test scores into its different components to know about what is causing this 

difference. We have made use of the Blinder-Oaxaca decomposition in this study. 

As mentioned earlier, we have divided the children on the basis of the type of school they have 

attended and/or attending. The children who have attended/attending private schools (Pr) have been put 

into one category and those children who have attended/attending public schools (Pub) have been put into 

another category. Those children from the dataset who have been to any other type of school have not 

been taken into account into our research. The difference of the mean test scores between the two groups 

can be expressed as: 

                                                       𝐷 = 𝐸(𝐸𝐴𝑃𝑟) − 𝐸(𝐸𝐴𝑃𝑢𝑏)  (3) 

 In the decomposition analysis that we deploy in our study we need a reference category to 

interpret our results. The reference category of children are the children from the private schools and the 

point of analysis is from the public schools children. Using (2) for each group of children separately (and 

following Blinder, 1973; Oaxaca, 1973; Jann, 2008) the contribution of the group difference in the 

predictors to the overall outcome difference can be rearranged as follows: 

𝐷 = {𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′𝛽 + 𝐸(𝑋𝑃𝑢𝑏)′(𝛼 − 𝛽) − {𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′(𝛼 − 𝛽) 

This is referred to as threefold decomposition. 

𝐷 = 𝐸 + 𝐶 + 𝐼 
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The first component, 

𝐸 = {𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′𝛽 

The part of the learning difference which is due to the group difference in the mean background 

features and it is called “endowments effect”. If the children of public schools were to have same average 

features as the children of private schools (𝑋̅Pr), this part of the equation tells that this is how much their 

scores would have improved. In other words, the difference in the background features of these two groups 

of children applied to the impact of the public school children (𝛽). 

𝐶 = 𝐸(𝑋𝑃𝑢𝑏)′(𝛼 − 𝛽) 

This part measures the contribution to the learning gap by the differences in the 

coefficients/returns (𝛼 − 𝛽) of the two groups which also includes the intercepts. The part of the gap in 

learning outcome of the two groups of children explained by the differences in groups’ impact of the 

background features. If the children of public school had same average returns as the children of private 

schools (𝛼), keeping their features at the current level (XPub), this is how much the scores of public school 

children would have improved. In other words, the differences in the average returns to the background 

features between the two groups of children applied to the average features of the public school children. 

𝐼 = {𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′(𝛼 − 𝛽) 

And the third component, is an interaction term which accounts for the fact that the differences 

in endowments and coefficients exist simultaneously between the two groups.  

These three effects (from equation 2) are portrayed in figure 1, which is borrowed from Arteaga 

and Glewwe (2014) and has been modified slightly based on our needs. The decomposition of tests score 
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gap between the groups of children at a point is shown. The first component, endowment effect is shown 

by the move from point E to F. This shows the increase in the test score of an average child of public 

school if they had had similar average features as the child of private school. The second term of the 

equation, the coefficient effect, is shown by the vertical distance between A and C, which is the increase 

in the test score of an average child of a public school if they had similar returns as a child of private 

school. The interaction effect, which is the last part of the equation, an interaction of the previous two 

effects is displayed by the distance between B and G. 
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  Figure 1: Decomposition of Test score gaps between children 
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4.0.4.1 Empirical Results 

 

We will now talk about the empirical results obtained for the Blinder –Oaxaca decomposition. We 

can see from table 5 that the difference (on the standardized mathematics score) between the children of 

private and public school stands at 0.635 standard deviation. The idea behind using the B-O decomposition 

as our method is to break this difference between them in association with their respective background 

features. We have already seen earlier that the differences in background features between the children of 

public and private school is highly significant. The Blinder-Oaxaca decomposition also identifies that if 

there is a differential returns to the background features and tells us the extent of it between these groups 

of children.  

From our results it is evident that the core and only significant cause behind the mathematics learning 

difference between the children of public and private school is the differences in their respective average 

background features. We learn from our results that if the children of public school were to have similar 

average features as the children of private schools (𝑋̅Pr), keeping their returns (𝛽) at the current level, the 

difference in their mathematics learning (which stands at 0.635 standard deviation) would have been 

removed (the endowments effect). We must point this out here that the endowments effect explains more 

than then actual difference between the two groups of children. What this means is that with the features 

of private school children, the gap in learning would not only have been removed, in fact, the public school 

children would have performed better than the children of private schools. The differences in the 

background between the children of private school and public school is not only stopping the latter from 

performing better, but better than the private school children. We find that the differential returns to 

background features does not exist between the two groups of children. Moreover, the interaction of 

endowments and coefficients does not exist between them too. 
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 Table 5: The Decomposition Results 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

Note: p-values are in parenthesis. 

 

 

Table 6: Detailed Decomposition Results (Round 4) 

 

 

Endowment Effect Coefficient Effect Interaction Effect 

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error 

Mothers Education -0.054 .035 0.063 .070 0.039 .044 

Fathers Education 0.047 .042 -0.047 .046 -0.051 .050 

Household Size 0.003 .008 0.258 .179 -0.003 .009 

Assets -0.009 .015 -0.006 .036 -0.004 .021 

School Cost 0.323** .133 -0.072* .039 -0.256* .136 

Expenditure 0.009 .014 -1.096 .902 -0.022 .020 

Years 0.159*** .045 0.908 .580 0.092 .059 

Time Allocation 0.081*** .030 -0.152* .082 -0.063 .036 

English Score 0.149*** .038 1.100*** .359 0.126*** .046 

Gender 0.015 .012 0.064 .0678 0.009 .011 

Age in Months -0.005 .007 -0.650 3.520 0.001 .004 

Body Mass Index 0.003 .006 0.124 .251 -0.003 .008 

Drinking Water -0.003 .005 0.563 .462 0.008 .001 

Household Quality 0.024* .015 -0.030 .214 -0.002 .016 

Constant   -1.007 3.688   

Total 0.743*** 0.000 .019 0.81 -.128 0.337 

Note: *** p<.01, ** p<.05, * p<.10 

 

 

 

 The detailed results of the Blinder-Oaxaca decomposition in Table 6 identifies the factors that 

contribute to the endowments effect.  We see that the most important contributor to the endowments effect 

between the children of private schools and public schools is the schooling cost (average) incurred in the 

last academic year. As we have seen previously that the children of private schools have spent a 

significantly large amount on education in the last academic year compared to the children of public 

schools. We learn that this difference in the schooling expenditure during the last academic year 

 Coefficient (on raw score) 

Coefficients (on 

Standardized Math Score) 

 R4 R4 

Private School Children 16.387 2.318 
(0.000) (0.000) 

Public School Children 11.900 1.683 
(0.000) (0.000) 

Difference 4.486 .6345 
(0.000) (0.000) 

Endowment Effect 

{𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′𝛽 

5.255 .7432 

(0.000) (0.000) 

Coefficient Effect 

𝐸(𝑋𝑃𝑢𝑏)′(𝛼 − 𝛽) 

.1399 .0198 

(0.810) (0.810) 

Interaction effect 

{𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′(𝛼 − 𝛽) 

-.909 -.129 

(0.337) (0.337) 
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contributes to the learning difference between the children of public and private schools (similar effect of 

schooling cost on the learning outcome has also been found in the previous studies such as Kingdon, 1996, 

2007; Arteaga and Glewwe, 2014). The contribution of the schooling cost variable stands at 43 percent of 

the total endowments effect. The other factor which contributes to the endowments effect between them 

is the years of schooling gap between them. We also learn that there is a significant difference between 

them on the average years of schooling they have received at the time of fourth round survey. This has an 

effect in terms of its contribution to the total endowments effect, 21 percent (also found in Glewwe et al. 

2015). This is a worrying sign because these children belong to the same age group and the existence of a 

gap in years of schooling received points out that there appears to be a drop-out from schooling, more 

frequently among the children of public schools. The difference in the average time spent by the groups 

of children on studies apart from that in schools is also a significant contributor to the learning difference 

on mathematics. We learn from our results that the children of private schools spend an average greater 

amount of time compared to the children of public schools and that has an influence on the learning on 

mathematics. One interesting finding is the significance of the English language score in contributing to 

the endowments effect (20 percent of endowments effect) between the two groups of children. This could 

be explained with reference to the questionnaire that was used to collect the test scores of these children. 

The questionnaire that was used to ask questions to the surveyed children asked the questions in both 

Telegu (local language) as well as English. This is followed by a significant contribution by the time 

allocation on studies by these children apart from that they spend in school. The contribution of this 

variable stands at 10 percent of total endowments effect (similar effect is found also in Glewwe et al. 

2015; Kingdon, 1996).  Our results point out that those children who performed well in English have 

performed better. Moreover, the private school children have this advantage that they were better at 

English language than the children of public school. There is a marginal contribution by the household 
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quality index to the endowments effect (3 percent). In total, 97 percent of the total endowments effect is 

explained by these variables. The rest of the endowments effect stands unexplained in our results. As 

mentioned earlier, the coefficient and interaction effect are not significant between the children of private 

schools and the children of public schools. 

4.0.5 Summary and Conclusions 

 

Just like the previous two chapters, in this chapter we again characterized the children of the Young 

Lives Survey. Unlike the previous chapter, here the focus of characterization of YL children was the type 

of school they last attended or attending. They were basically characterized into the children who have a 

background from private school and those who have in public schools. We look into the mathematics 

learning of these children as against each other and we noticed that there is a clear significant difference 

in learning between these children. The children who have a background in private schools have noticeably 

performed better than the children of the public school. We then looked into a set of their respective 

background characteristics and we find that the children of private schools have a significantly better 

background compared to the children of public schools. Moving on, we then tried to study the mathematics 

learning difference between these children with the actual background differences between them. To do 

this, we have deployed, the Blinder-Oaxaca decomposition in the empirical analysis. The results of the 

decomposition tells us that the core and the only cause behind the learning difference between these 

children is the background differences between them. 

In the results, when we associated the background differences of the children of private schools and 

the children of public schools, we learnt several things. The first thing that come out of the results is that 

the stark difference in the background features between these children is the core cause behind the learning 

difference. We also learn that with the features of the private school children, keeping the returns at the 
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current level, the public school children would have not only performed better, but better than the children 

of private school. The differences in the background characteristics is not only stopping the public school 

children to perform better, but better than the children of private schools. When we looked deeper into 

these results we could identify the specific features differences between these children which explain the 

learning difference. The most important contributor to the endowments effect which is the only contributor 

is the schooling costs incurred by these children in the last academic year. The children from private 

schools have spent a significantly large amount on academics as compared to the children of public 

schools. This difference explains over 40 percent of the endowments effect. This is followed by the gap 

in the average years of schooling received by these groups of children at the time of fourth round of survey. 

We must keep this in mind that these children fall in the same age group and an existence of gap in years 

of schooling between them is a sign of worry. This means that the drop-out of children from education is 

happening and more frequently among the children of public schools. This gap in schooling explains 21 

percent of the endowments effect. A large part of the endowment effect, 20 percent, is also explained by 

the learning difference between them on the English language score. The time allocation on studies by 

these children is also significantly different between the two groups of children, the effect of which could 

also be seen from the results where this variable contributes 11 percent of the endowments effect. A 

marginal part of the endowments effect is also explained by the household quality index difference 

between these children. 

The children of private schools could perform better than the children of public schools because 

former could spend more on schooling compared to the latter. A better spending on education entails better 

educational quality in schools. This must be paid heed to and policies should be framed where the children 

from public schools should not have to spend as much as the children of private schools to attain a decent 

level of quality education. Policies should also be framed to keep the children from poorer background, 
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especially those from the public schools in education. There seems to be a monetary opportunity cost 

attached to staying in schools which affects the children of public schools more than the children of private 

schools. They should be incentivized to make them stay in schools and should also be provided with 

quality schooling. The chapter points towards an investigative direction, which is the exploration of the 

English language score in association with the mathematics score. Our chapter cannot, with certainty, say 

much about this association of English language score with the mathematics score. 
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4.1 Mathematics Learning Inequality among 

the Children of Private and Public Schools 
  

 

 

 

 

 

 

Abstract 

 

 In this chapter, we research the gap in average mathematics learning between the children of private 

and public schools at two points. We have divided them into two groups on the basis of the type of school 

they are attending or last attended, extending the ideas borrowed from the previous chapter. We first skim 

through their various background characteristics at these two points. We then explore these background 

characteristics and using the threefold Blinder-Oaxaca decomposition, we find that it is the difference in 

the average endowments between the two which consistently explains the gap in average performance 

between them. We also find the role of differential impact of the background characteristics on the average 

learning outcome of children on the first point. The most important and consistent contributor to the 

endowment effect is the schooling cost and the time allocation on studies. One striking result is the now 

significant contribution of the gap in average years of schooling which is worrying because these children 

are from the same age group. We conclude that with the average features and returns of the private school 

children, not only the gap between them would have been removed but, in fact, public school children would 

have performed better than the private school children. 

 

Keywords: Blinder-Oaxaca Decomposition, Endowment Effect, Mathematics Learning; 

Public-Private Schooling; Schooling Cost 
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4.1.1 Introduction 

 

In this chapter, we continue from where we ended the last chapter. We add onto the previous 

chapter by studying the same set of children at two points on the basis of the type of schools they have 

attended and/or attending. In India, the demand for secondary education is seeing an increase (a part of 

which is through private schooling) because of its lucrative nature. The poor management of public 

schools, particularly the teacher absenteeism may have encouraged the rapid growth of private schooling 

in India (Kingdon, 2007). This increase is also affected by the common perception that the private schools 

provide better quality education (Wadhwa, 2009). In India, the enrolment in private schools is associated 

with better learning outcomes of children after controlling for the background characteristics (Desai et al. 

2008). Many of the previous literature have captured the quality of education using learning outcomes of 

children as an indicator (Kingdon, 1996; Goyal, 2009; Singh, 2015; Singh and Mukherjee, 2019). Studies 

(such as Kingdon, 1996; Desai et al., 2008; Goyal, 2009; Wadhwa, 2009; Chudgar and Quin, 2011; 

Wamalwa and Burns, 2012; Singh, 2015; Singh and Mukherjee, 2019) have found an association between 

attending private schools and having better learning/achievement scores among Indian children. Majority 

of the previous studies have found a private schooling effect in their respective studies. There are other 

studies where this effect is not apparent like the ones mentioned before. Goyal and Pandey (2009 in their 

study of Indian children have found a private schooling effect but the results suggest that the quality of 

both the type of schooling is poor. Muralidharan and Sundararaman (2015) in their study of children from 

the state of Andhra Pradesh (southern state of India) find that there is no public-private difference in 

learning in some aspects. 

The Trends in Mathematics and Science Study (TIMSS where 46 countries participated) were 

used on the Indian children from the sates of Rajasthan and Orissa. Their average learning outcome on 

science and mathematics was not only different but significantly lower than the international average 
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(Kingdon, 2007). The public expenditure on education in India as a percentage of GDP has been increasing 

over the years and slightly since 2010.38 The Annual Status of Education Report (ASER) 2005 concludes 

that the increase in the financial resources towards education does not reflect in the levels of learning in 

primary education (ASER, 2005). The later reports conclude that there is a decline in the ability to do the 

basic math nationally, which is visible across all classes (ASER, 2010). In this chapter we explore the 

mathematics learning inequality between the children of public and private schools at two points. We use 

Young Lives Survey (YLS /YL henceforth) data for the older cohort of Indian children in the analysis. 

Moreover, the data that we have used is at two points, the gap between which is four years. In other words, 

we delve into the mathematics learning inequality between a set of public and private school children of 

India at two points. We decompose the gap in mean mathematics learning between the said groups of 

children using the threefold Blinder Oaxaca decomposition at two survey points. The YL’s preliminary 

findings for the latter round (fourth) points out that although there is an increasing choice of private 

schools, the gap is magnifying between the boys attending private schools and girls attending private 

schools (Galab et. al. 2014a).  

 The previous literature (which has been extensively discussed in the previous chapters) 

although talks about the factors that have an influence on the learning outcomes of children, very few 

decompose the learning difference between groups of children in relation to their background 

characteristics. In this chapter, we attempt to add to the growing body of literature on the decomposition 

of learning outcome difference between public and private school children. These studies have largely 

focused on the factors influencing the learning outcomes not the extent to which they cause or explain the 

differences in the learning outcomes between groups of children. This chapter is an attempt to add to the 

                                                           
38 As per the Ministry of Human Resource Development’s Educational Statistics at a glance 2014 on Education and other 

departments. 
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growing body of literature on the differences in average learning outcome of public and private school 

children (among children from poor economic background). We have used the dataset of YL Survey, 

India, for the older cohort of the third and fourth round. Our study is for a specific population at two 

specific points in time i.e. when they were 15-16 and 19-20 years old (during the third and fourth round 

surveys respectively). These children are growing up in the context of poverty and the dataset traces the 

changes occurring in their lives. Using various features around which these children are growing, varying 

from socio-economic features, parental education level, and child specific features, the chapter researches 

the gap in average mathematics learning between the private school and public school children. The idea 

is also to see whether their respective differences (in the average background features, if any) explain the 

differences in the average learning outcomes and if so, to what extent. We have done this using the 

threefold Blinder-Oaxaca decomposition. There have been studies which have used the Blinder-Oaxaca 

decomposition to study the achievement gaps among children (for instance Ammermueller, 2007b; Zhang 

and Lee, 2011; Burger, 2011; Baird, 2012; Barrera-Osorio et al., 2011). We decompose the average 

learning outcome difference between the private and public school children and associate that with the 

differences in their respective background characteristics. 

The rest of the chapter is organized as follows. Section 2 gives the description of data, source 

and variables used in our study along with descriptive statistics. Section 3 presents the methodological 

framework and empirical approach along with the results followed by summary and conclusion of this 

chapter in Section 4. 
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4.1.2 Data and Variables 

 

  Continuing from the previous chapter, this chapter uses two rounds of Young Lives Survey data 

for India (United Andhra Pradesh). The overall survey includes four developing countries Ethiopia, India, 

Peru, and Vietnam to trace the nature of changing poverty. The survey is based on a pro-poor sample which 

has nearly an equal number of boys and girls, based both in rural and urban communities. The 3000 

children in the Indian survey were selected from 20 sentinel sites spread now across two southern Indian 

states of Andhra Pradesh and Telangana. The sentinel site sampling methodology used in the YL is a form 

of purposive sampling. The observations in the sample represent a certain type of population. As the YL 

is a longitudinal study, a prolonged contact with the observations had to be maintained. In order to ensure 

that YL is able to maintain this contact over a long period, this methodology was most suited. We must 

note here that the YL sample is not strictly statistically representative of the population. Keane et al. 

(2018) mentions that the YLS has a pro-poor sample bias. In our chapter, the eventual number of 

observation has reduced, primarily because of the missing information on certain variables. So, the 

analysis and inferences made in our study has to be seen in these light. This is bound to affect the 

generalizability of our study. The sampling method deployed in the data collection is a form of purposive 

sampling (Galab et. al. 2014). We have made use of the third and fourth round data for the older cohort 

on India which was released in 2010 and 2014 respectively. The attrition rate in the Indian survey has 

been kept very low (Singh, 2015). Our chapter had to drop out observations as information on various 

required variables on many observations were missing. Moreover, we have considered only those children 

who are studying/studied in purely public or private schools and we had to drop children who have studied 

in different schools.39 Eventually we ended up with 522 observations for the analysis, after considering 

                                                           
39 The other types of school that some of the surveyed children attended included private aided, 

NGO/charity/Religious, informal or non-formal, charitable trust, bridge schools, and mix of public and private 

https://www.younglives-india.org/about-young-lives-india
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that the information on each variable is available at both the rounds of survey. The variable of interest 

here is mathematics test scores of children. In each round YL collected information about children’s 

learning achievement with the help of language and mathematics tests (Galab et al. 2014a). A more 

detailed description of the dataset is available in chapter 2 where the sampling method and the limitations 

associated with this are discussed. 

  The tests that were administered to the surveyed children were designed for each round 

separately and there were certain similarities between them. The test on mathematics in round 3 for the 

older cohort had two sections. The first section, which includes 20 items, tested these children on addition, 

subtraction, multiplication, division, and square roots (whole number and fractions). The second section, 

which had 10 items, involved mathematics problem solving that were developed using PISA (Programme 

for International Student Assessment) and TIMSS. This section included questions on data interpretation, 

number problem solving, measurement, and geometry. On the same line, round 4 mathematics test had 

five sections which asked questions on similar aspects as round 3. As there was a gap of four years between 

the two rounds of survey, the difficulty level was adjusted (Dawes, 2020). In sum, there were 30 questions 

in total for each round and the scores were obtained by adding the correct responses out of 30 marks. The 

detailed information on the surveys is available in the questionnaires for each round. We must point this 

out here that although there were similarities in these tests between the rounds (Dawes, 2020), the marks 

obtained cannot be directly compared between the rounds (Dawes, 2020; Rolleston, 2014). In order to 

make them comparable between the rounds the reliability and the validity of these tests must be checked. 

There are various studies (such as Cueto and Leon, 2012; Azubuike et al. 2017) which have done this 

using the Classical Test Theory (CTT) and Item Response Theory (IRT). The application of these tests 

                                                           
schools. In this study we have considered only those children who have studied in either purely public or private 

school. See Table 7 for more details. 



118 
 

brought them to a comparable scale between rounds. We do not directly do a comparison of the scores 

between the rounds hence we have not applied these tests. 
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Table 1: Description of the Variables 

 Variables Description 

Mathematics test Score 

Raw test score on mathematics of YL child collected at the time of the surveys out of 30 

marks. This test score has also been standardized by dividing with the standard deviation 

of the overall sample. 

Parental Education (PE)40 

 

Mothers Education YL child’s mothers’ education in years 

Fathers Education YL child’s fathers’ education in years 

Household Features (H) 

 

 

 

Household Size Number of family members in YL child’s household 

Assets (Round 4) Value of the five most valuable assets owned, rented or borrowed in the YL child’s 

household 

Assets (Round 3) Value of assets owned, rented or borrowed in the YL child’s household 

School Cost (Round 4) Total expenditure incurred on schooling in the last academic year.41 

School Cost (Round 3) How much has the YL household spent on school fees and extra tuition for the child per 

year 

Expenditure (Round 4) The log of per capita monthly expenditure of YL child’s household 

Expenditure (Round 3) The log of real per capita monthly expenditure of YL child’s household base 2006 prices 

Child Specific Features (C) 

 

 

Years Years of schooling received by YL child at the time of third and fourth round surveys 

Type of School =1 if attended/attending public school last, 0 if private. 

Time Allocation Time spent by YL child on studies apart from that in school on a typical day 

English Score Raw test score on English of YL child collected at the time of survey out of 30 marks42 

Gender =1 if male; 0 otherwise 

Age in Months Age of the YL child in months at the time of fourth round survey 

Body Mass Index Body mass index of the YL child at the time of fourth round survey 

Others (O) 

 

Drinking Water Index constructed for whether or not the YL household has safe drinking water facility 

Household Quality A simple average of the following:43 

 

The Table 1 gives description of the variables selected, based on the literature reviewed, used 

in our study and Table 2 gives the descriptive statistics of the variables for each round of the survey 

separately. The idea in this study is to look into the gap in average mathematics learning among private 

and public school children and try to understand what factors explain this gap between them. The overall 

                                                           
40 The parents in our dataset have received school education (up to Grade 12), post-secondary/vocational education, 

adult literacy, and university education. Those who have received post-secondary education, they have been treated 

as having obtained 13 years of education. The university graduates have been treated as having received 15 years of 

education since university education lasts for 3 years after finishing Grade 12. There are no parents who have received 

education beyond university education. The parents who have received just the adult literacy, they have been taken as 

having received just 1 year of education. 
41 In the fourth round this cost is the sum total of the tuition fees, education charges, private tuition, accommodation, 

transportation, uniforms, stationary etc. in the last academic year. The school level heterogeneity is captured by the 

variance in the sum total of these costs. 
42 This information is available only in the fourth round survey. 
43 Crowding (scaled sleeping rooms per person), main materials of walls-dummy variable that takes the value 1 if 

main materials of the walls satisfied the basic norms of quality, main materials of roof, and main materials of floor. 

(Azubuike and Briones, 2016). 
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descriptive statistics of the variables described in Table 1 is shown in Table 2. Table 2 also shows the 

descriptive statistics by the subgroups of children for each round separately. The test score that we have 

used in our study has either been standardized or used in its raw form. We cannot directly compare the 

test averages between rounds because they are not brought to a uniform comparable scale, as discussed 

before, hence we have not done such comparison. 

We must keep this in mind that the pro-poor YL dataset used in our study is for a very specific 

set of population at two specific point in time. Through this pro-poor sample, the YL is trying to 

understand the meaning of poverty for Indian children (see Table 4 in chapter 2, which shows a description 

of whole dataset of YL for each round). We see that the information on various variables is not available 

on all the observation surveyed in each round. The data that has been used in our study has removed, first, 

those observations who do not have available information on any of the variables from Table 1. Then, we 

have taken only those children who have chosen/attended either public or private schools. This is done for 

both the rounds of data. Lastly, we have studied only those children who have these available information 

at both the rounds.  
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Table 2: Descriptive statistics of the Variables 

 

 

Table 3: The Mean Math Test score by the groups 

Round 4 

 Overall Private Public Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (Pr)-(Pub) t-test 

Math Score 522 2.047 .953 300 2.317 1.00 222 1.683 .947 .634 7.53 

Round 3 

 Overall Private Public Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (Pr)-(Pub) t-test 

Math Score 522 1.839 1.00 197 2.321 .977 325 1.546 .898 .774 9.240 

*the test scores have been normalized by dividing it with the standard deviation of the overall sample for comparison

 Round 4 Round 3 

 Overall Private Public Overall Private Public 

Variables Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Math Score 14.479 7.07 16.38667 6.744 11.90 6.70 11.312 6.156 14.279 6.009 9.513 5.523 

Mothers Education 3.632 4.314 4.66 4.514 2.24 3.60 3.632 4.314 5.532 4.676 2.48 3.629 

Fathers Education 5.643 5.045 6.75 5.070 4.15 4.62 5.643 5.045 8.182 4.820 4.104 4.537 

Household Size 4.753 1.908 4.73 2.036 4.78 1.73 5.086 1.974 5.162 2.117 5.04 1.884 

Assets 30018.64 44478.14 35547.63 44685.45 22547.03 43181.86 9291.452 52007.87 12596.24 60446.55 7288.24 46134.97 

School Cost 19226.17 26380.52 28759.59 30584.56 6343.17 9218.29 2723.567 5344.192 6752.056 6904.182 281.683 1114.053 

Expenditure 7.170 0.587 7.23 0.580 7.09 0.59 6.776 .561 6.931 .487 6.682 .582 

Years 13.448 1.745 13.99 1.376 12.71 1.92 8.641 1.308 8.761 1.494 8.569 1.178 

Time Allocation 2.013 1.442 2.3 1.379 1.63 1.44 2.626 1.293 2.766 1.342 2.541 1.257 

English Score 16.513 3.306 17.27 2.924 15.50 3.52 - - - - - - 

Gender .550 .498 0.58 0.494 0.51 0.50 .547 .498 .583 .494 .526 .500 

Age in Months 227.88 4.134 227.76 4.143 228.03 4.13 179.197 4.105 179.376 4.130 179.092 4.092 

Body Mass Index 19.933 8.744 19.74 3.489 20.20 12.79 17.608 2.767 18.063 3.111 17.333 2.501 

Drinking Water 0.981 0.137 0.99 0.115 0.97 0.16 .963 .187 .974 .157 .956 .203 

Household Quality 0.725 .217 0.75 0.204 0.69 0.23 .604 .298 .691 .202 .551 .333 

Type of School .425 .495 - - - - .622 .485 - - - - 

Observations 522 300 222 522 197 325 
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Table 4: The Difference in the Means of explanatory variables of the two groups 

Variable Overall Private Public Difference 

 R 4 R3 R 4 R3 R 4 R3 R 4 R3 

Math Score 14.48 11.312 16.39 14.279 11.90 9.513 4.485*** 
4.765*** 

 (7.07) (6.156) (6.74) (6.009) (6.70) (5.523) 
  

Fathers Education 3.63 3.362 4.66 5.532 2.24 2.48 2.416*** 3.052*** 

 (4.31) (4.314) (4.51) (4.676) (3.60) (3.629)   

Mothers Education 5.64 5.643 6.75 8.182 4.15 4.104 2.601*** 4.078*** 

 (5.05) (5.045) (5.07) (4.820) (4.62) (4.537)   

Household Size 4.75 5.086 4.73 5.162 4.78 2.117 -0.05 .122 

 (1.91) (1.974) (2.04) (5.04) (1.73) (1.884)   

Assets 30018.64 9291.452 35547.63 12596.24 22547.03 7288.24 13000.61*** 5308.004 

 (44478.14) (52007.87) (44685.45) (60446.55) (43181.86) (46134.97)   

School Cost 19226.17 2723.567 28759.59 6752.056 6343.17 281.683 22416.43*** 6470.373*** 

 (26380.52) (5344.192) (30584.56) (6904.182) (9218.29) (1114.053)   

Expenditure 7.17 6.776 7.23 6.931 7.09 6.682 .140*** .249*** 

 (0.59) (.561) (0.58) (.487) (0.59) (.582)   

Years 13.45 8.641 13.99 8.761 12.71 8.569 1.281*** .192** 

 (1.75) (1.308) (1.38) (1.494) (1.92) (1.178)   

Time Allocation 2.01 2.626 2.30 2.766 1.63 2.541 .673*** .224** 

 (1.44) (1.293) (1.38) (1.342) (1.44) (1.257)   

English Score 16.51 - 17.27 - 15.50 - 1.771*** - 

 (3.31) - (2.92) - (3.52) -   

Gender 0.55 .547 0.58 .583 0.51 .526 0.07 .058* 

 (0.50) (.498) (0.49) (.494) (0.50) (.500)   

Age in Months 227.88 179.197 227.76 179.370 228.03 179.092 -0.27 .278 

 (4.13) (4.105) (4.14) (4.130) (4.13) (4.092)   

Body Mass Index 19.93 17.608 19.74 18.063 20.20 17.333 -0.46 .730*** 

 (8.74) (2.767) (3.49) (3.111) (12.79) (2.501)   

Drinking Water 0.98 .963 0.99 .974 0.97 .956 0.01 .0176 

 (0.14) (.187) (0.11) (.157) (0.16) (.203)   

Household Quality 0.73 .604 0.75 .691 0.69 .551 .0530*** .140*** 

 (0.22) (.298) (0.20) (.202) (0.23) (.333)   

Observations 522 300 325 222 197   

Note: ***p<0.01, ** p<0.05: Standard Deviations are in parentheses 
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  In Table 3 the standardized mathematics test scores is shown for both the rounds as well as by 

the type of school. We learn from table 3 that the difference in mathematics learning between the children 

of private school and public school is 0.63 standard deviation in round 4 and it stood at 0.77 standard 

deviation in round 3. Table 4 summarizes the mean values of each of the background variables by round 

and subgroup of children. We see that majority of the variables, on an average, are different, significant, 

and better for the private school children for each round. Almost all the similar variables are significantly 

better for private school children in both the rounds. The aim now is to see which of these background 

characteristics contribute to the difference in the average performance of these two groups at these two 

survey points. In rest of the paper, using the threefold Blinder-Oaxaca decomposition methodology, we 

study the learning difference with respect to a set of their background characteristics.   

 

4.1.3 Methodological Framework and Empirical Approach  

 

 Continuing with the ideas discussed and used in the previous chapters, the mathematics learning 

(EA) could be depicted as a function of input variables like parental education (PE), household factors 

(H), Child specific features (C), and other features (O) (as discussed in Table 1). 

𝐸𝐴 = 𝑓(𝑃𝐸, 𝐻, 𝐶, 𝑂)                          (1) 

Yet even when an educational production function exists, there is no guarantee that one can estimate it 

(Artega & Glewwe, 2014). In this chapter we have used the threefold Blinder Oaxaca decomposition for 

the analysis of the gap in mean mathematics learning between private and public school children. In this 

empirical analysis we need a reference category from the two groups so we have taken the first group of 

children (𝑃𝑟𝑖𝑣𝑎𝑡𝑒) to be that and the point of analysis is the public school children. 
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 The reduced form equation for Blinder-Oaxaca decomposition in our analysis, (following 

Blinder, 1973; Oaxaca, 1973; Jann, 2008) the contribution of the group difference in the predictors to the 

overall outcome difference can be rearranged as follows: 

𝐷 = {𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′𝛽 + 𝐸(𝑋𝑃𝑢𝑏)′(𝛼 − 𝛽) + {𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′(𝛼 − 𝛽)              (2) 

 Where, D is the difference in the mean standardized mathematics score, 𝑋𝑠 are the set (vector) 

of background characteristics, 𝛽 is the vector of slope coefficients for the public school children and 𝛼 is 

for the private school children. These coefficients include the intercepts as well. This is called the threefold 

decomposition. 

𝐷 = 𝐸 + 𝐶 + 𝐼 

The three effects have been described in detail in the previous chapters already. These three 

effects (from equation 2) are portrayed in figure 1, which has been borrowed from Arteaga and Glewwe 

(2014) and has been modified slightly based on our needs. The figure 1 portrays these three effects, 

borrowing from Arteaga and Glewwe (2014) which has been modified with respect to our study. The 

decomposition of the test score gap between the groups at a point is shown in figure 1. The first 

composition of equation (2), the endowment effect, is shown by the move from E to F. This shows the 

increase in the score of an average public school child if they had similar characteristics as an average 

private school child. The second term of the equation, the coefficient effect is shown by the vertical 

distance between A and C which is the increase in the test scores of an average public school child if they 

had similar returns as an average private school child. The last part of the equation, the interaction of the 

previous two effects, is shown by the distance between B and G. 
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Figure 1: Decomposition of Test score gaps between children 

 

 

 

 

 

 

 

 

 

 

4.1.3.1 Empirical Results 

 

Table 5 presents the decomposition of the gap in raw (and standardized) average mathematics 

test scores between the private school and public school children at the two survey points. The difference 

in the mean scores stands approximately at 4.486 points (0.63 on standardized scores) in round four where 

the same in round three stood at 4.77 points (0.77 on standardized score). In the second part of the table 

we have shown the decomposition of the gaps in the mean scores between the groups of children for each 

round. The results indicate that the difference in the learning outcome is primarily due to the endowments 

effect which captures the differences in mean values of the background characteristics (from Table 1) 

between the two groups of children. We also see the role of coefficient effect, or differences between the 

groups of children in the impacts of background characteristics in explaining the difference in mean 
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learning in the third round results. In our results, the interaction of endowments and coefficients does not 

significantly affect the learning outcome difference in either round.  

Table 5: Difference in Scores and the Blinder Oaxaca Decomposition 

 Coefficient (on raw score) Coefficients (on Standardized Math Score44) p-value 

 Round 4 Round 3 Round 4 Round 3 Round 4 Round 3 

Private 16.387 14.279 2.318 2.321 0.000 0.000 

Public 11.900 9.513 1.683 1.547 0.000 0.000 

Difference 4.486 4.765 .6345 .774 0.000 0.000 
Endowment Effect 

{𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′𝛽 5.255 4.719 .7432 .767 0.000 0.021 
Coefficient Effect 

𝐸(𝑋𝑃𝑢𝑏)′(𝛼 − 𝛽) .1399 2.425 .0198 .394 0.810 0.001 
Interaction Effect 

{𝐸(𝑋𝑃𝑟) − 𝐸(𝑋𝑃𝑢𝑏)}′(𝛼 − 𝛽) 
-.909 -2.379 -.129 -.387 0.337 0.258 

 

The results in third round here mean that if the public school children had had similar average 

features as their private school counterparts (𝑋𝑃𝑟), their scores would have improved by 0.76 standard 

deviations. This is the exact amount of the difference in average learning between the two groups of 

children. This, assuming that the returns to the background characteristics of the public school children 

stayed the same (𝛽). The difference in the features applied to the impact of public school children would 

have exactly removed the gap in learning. However, we also find in our results that C also explains a part 

of the learning difference individually at this point. C explains almost half of the learning difference in 

the third round results (0.39 standard deviations). If the average features of the public school children 

(𝑋𝑃𝑢𝑏) stayed at the current level, with the impact/returns of the private school children (𝛼), the gap in 

learning would have been removed by fifty percent of the total difference. The results basically indicate 

that not only do the private school children have better characteristics than the public school children they 

also have better returns to those characteristics. Summing E and C of our results here, we find that these 

two differences is not only stopping public school children to perform better, in fact, it is acting as an 

hurdle for them to perform better than the private school children. On the contrary, in the fourth round 

                                                           
44 By dividing with the Standard deviation of math score for the overall sample. 
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results we find that these differences in returns (𝛼 − 𝛽) have vanished, but E still exists. However, E 

explains more than the actual difference in learning at this point of results. Here, the difference in the 

background characteristics between the two groups of children (unlike round 3 results) alone is stopping 

the public school children from outperforming their private school counterparts. The actual difference 

here stood at 0.63 standard deviations whereas E explains 0.74 standard deviations. When we look closely 

at the results of both the rounds together we see that the consistent contributor to the mathematics learning 

difference is the endowments effect. However, the contribution of the coefficient effect in explaining the 

learning difference has withered from round three to round four. This suggests that the contribution of C 

to the learning outcome difference has vanished and/or the differential returns to the background 

characteristics operated only when the children were four years younger. As the children got older, it is 

not the difference in the impact of the background characteristics, rather the difference in the absolute 

average background characteristics which explains the learning outcome difference. 
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Table 6: The Decomposition of Gaps for the Standardized Math Score 

Round 4 

 

 

Endowment Effect Coefficient Effect Interaction Effect 

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error 

Mothers Education 0.047 .042 -0.047 .046 -0.051 .050 

Fathers Education -0.054 .035 0.063 .070 0.039 .044 

Household Size 0.003 .008 0.258 .179 -0.003 .009 

Assets -0.009 .015 -0.006 .036 -0.004 .021 

School Cost 0.323** .133 -0.072* .039 -0.256* .136 

Expenditure 0.009 .014 -1.096 .902 -0.022 .020 

Years 0.159*** .045 0.908 .580 0.092 .059 

Time Allocation 0.081*** .030 -0.152* .082 -0.063 .036 

English Score 0.149*** .038 1.100*** .359 0.126*** .046 

Gender 0.015 .012 0.064 .0678 0.009 .011 

Age in Months -0.005 .007 -0.650 3.520 0.001 .004 

Body Mass Index 0.003 .006 0.124 .251 -0.003 .008 

Drinking Water -0.003 .005 0.563 .462 0.008 .001 

Household Quality 0.024* .015 -0.030 .214 -0.002 .016 

Constant   -1.007 3.688   

Total 0.743*** 0.000 .019 0.81 -.128 0.337 

Round 3 

 

 

Endowment Effect Coefficient Effect Interaction Effect 

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error 

Mothers Education .148*** .0493 -.048 .062 -.060 .076 
Fathers Education -.068 .0492 .113 .090 .113 .090 

Household Size -.006 .010 .151 .229 .004 .008 
Assets -.004 .007 .004 .012 .003 .009 

School Cost .596* .341 -.023 .016 -.533 .348 
Expenditure .028 .023 .885 1.182 .033 .045 

Years .008 .009 .358 .521 .008 .0128 
Time Allocation .048* .027 -.469*** .163 -.041 .026 

Gender .021 .018 .005 .093 .001 .010 
Age in Months .002 .004 1.454 3.661 .002 .006 

Body Mass Index -.003 .014 -.104 .523 -.004 .022 
Drinking Water .003 .005 -.355 .479 -.007 .011 

Household Quality -.006 .020 0.375* .204 .0956 .054 
constant - - -1.952 3.753 - - 

Total .767** 0.021 .394*** 0.001 -.387 0.258 

Note: *** p<.01, ** p<.05, * p<.10 

 

In Table 6 we look closely at the detailed contribution of various background characteristics in 

both of the above discussed effects. As we have found in the fourth round results that it is just the 

endowments effect which explains the gap in mean learning, we shall look into the contributors to this 

effect. Our results identify the contributors to the above mentioned effects. In round four results, the major 

contributor to E is the schooling cost incurred in the last academic year which explains 43 percent of total 

E. This is followed by years of schooling received by the child at the time of survey and the English 

language score, each of which explain 22 percent of total E. The rest of the E is explained by time 

allocation on studies (11 percent of E) and the household quality (2 percent of E). In round 3, 78 percent 
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(which is higher compared to round 4) of the total E is explained by the schooling cost incurred in the last 

academic year. This is followed by an 18 percent contribution by the mothers’ education years and 7 

percent by the time allocation on studies. In the coefficient effect we find that there is just one contributor, 

the household quality index. 

 When we look at the results of these two rounds together, we notice that the consistent effect is 

the endowments effect. And the consistent contributor to E includes the schooling cost (similar effect is 

also found in Kingdon, 1996; Arteaga and Glewwe, 2014) and time allocation on studies (also found in 

Kingdon, 1996; Glewwe et al., 2015). Attention has to be paid while interpreting the schooling cost with 

reference to the learning differences here. The composition of the schooling cost is different in each of the 

rounds because of the data limitations. Moreover, schooling cost here, not only captures the household’s 

ability to spend on schools but school level heterogeneity as well. Those differences has to be kept in mind 

while reading the schooling cost in our results. The contribution of mothers’ education years has vanished 

between the rounds. However, a large part now in the later round is explained by the years of schooling 

gap (as discussed in Glewwe et al. 2015). When the children are older, one of the core contributor to the 

mathematics learning difference between the public and private school children is the years of schooling.  

We must take note of the fact that years of schooling gap (as shown in table 4) has magnified between the 

rounds where it has increased even further in round 4. The gap in mean years of schooling between these 

children was marginal when these children were younger (15-16 years old). However, this gap has 

magnified in four years where the private school children have gained more additional years of schooling 

compared to the public school children. The latter’s years of schooling has increased as well in the 

following four years but this increase is less than the former’s increase. This could mean one of the 

following two things. The public school children have dropped out from school more often than the private 

school, which has eventually widened the gap in average schooling years. Or, the public school children 
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have repeated a course/grade more often than the private school children.45 Meaning, the private school 

children have stayed in school for a longer period of time compared to their public school counterparts. 

Additionally, this could also means that the drop out/discontinuation is greater for the public school 

children because in the same four years gap they have completed lesser additional years of schooling. As 

Sanjay et al. (2014) points out that the dropout rate among Indian children in this age group is high, these 

results should be understood in that context. In either case, the gap in average years of schooling between 

the public and private school children would increase. Both of these situation work in favor of the children 

of private school. Moreover, in round 3 results, C explained the gap in learning only when children were 

younger and the sole contributor to this effect was differential returns to index of household quality. The 

whole of coefficients effect has vanished between the rounds which is promising as it indicates that the 

differential returns to background characteristics do not operate when these children are older.  It is only 

the differences in the background features which consistently explain the learning outcome gap between 

the two groups of children. 

4.1.4 Conclusion and Policy Implications 

 

Using the third and fourth round of Young Lives Survey (YLS) data for the older cohort of 

Indian children, we study the mathematics learning inequality between the children of public and private 

school. The children in this chapter have been approached from the direction of the type of school they 

are attending/last attended. Skimming through their background characteristics we notice that they are 

different and significantly better for the children of private school. In the further analysis, we study the 

difference in average mathematics learning with respect to these differences in background characteristics 

                                                           
45 The years of schooling variable is obtained from the information provided by the children on the highest grade they have 

completed at each round of survey. Each grade completed (even if there is a repetition of grade) is treated as having obtained 

one year of schooling. There is no pre-school attendance years for either choice of schooling. 
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using the threefold Blinder-Oaxaca decomposition. In the broad decomposition results (for each round 

separately, where the gap between rounds is four years) the mathematics learning difference is consistently 

explained by their endowments difference/effect. The contributors to this effect have also been found to 

be consistent, which are the schooling cost and time allocation to studies. The contribution to E of former 

round, though has proportionately declined between the rounds. However, the time allocation on studies’ 

contribution has increased between the rounds. As we have used the English language score in the analysis 

for the fourth round, we have found that this too has a significant role to play in the learning gap between 

these groups of children. The test questionnaire on mathematics was framed/asked in the local language, 

Telugu as well as English. Our results point out that those children who better performed in both have had 

better learning outcomes in the fourth round results and we have seen that the children of private schools 

have performed better on English. We do not have this score available in the third round survey, so we 

were unable to use the information in the chapter for the third round. Additionally, we find that the 

significance of C is present only in the results of third round which is when the children were four years 

younger. Unlike the consistent contribution of the differences in the average background features, the 

differential returns to these features has withered from round 3 to round 4 results. In sum, the results tell 

us that the major part of the contribution to the learning difference between the two groups of children is 

explained by the mean differences in the background characteristics. Where at both of these survey points, 

the schooling cost explains a larger chunk of the total endowments effect followed by the time allocation 

on studies. The significance of schooling cost indicates that the children who were able to spend a larger 

amount on schooling were able to perform better on mathematics. The schooling cost, apart from 

household’s ability to spend on education, captures the quality and services a child is able to avail from 

schools. This cost also captures the school level heterogeneity. The years of schooling gap has magnified 

between the rounds and now explains a large proportion of the endowments effect. 
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The results in our chapter point towards both policy as well as investigative direction. The foremost 

policy implication comes from the consistent contribution of the schooling cost to the learning difference 

between the two groups of children. Attention needs to be paid to this as higher paying ability to schooling 

(towards private schools) entails better schooling facilities. This has to be dealt with in terms of providing 

better facilities in public schools (the cost there is already lesser) which should add to the environment of 

learning. Policies are needed to address this dilapidated state of public education system in terms of making 

and creating a better atmosphere of learning for these children. Secondly, the sudden significance of years 

of schooling gap in explaining the learning gap is worrying because the surveyed children are almost of the 

similar age. The increase in the years of schooling gap within four years warrants policy intervention in 

terms of incentivizing (monetary or kind) staying in education. Lastly, the consistent significance of time 

allocation on studies needs exploratory attention as we see that the public school children spend a lesser 

average amount of time on studies. Moreover, this gap has magnified within four years which raises 

question pertaining to their time allocation pattern. Is it that they spend their time various other activities 

(economic?) because there is an opportunity cost attached to staying in education. The time allocation on 

studies and the years of schooling has to be re-looked as they both seem to be connected. 
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5.0 Inside the Mathematics Learning 

Inequality at a Point 
 

 

 

 

 

 

 

Abstract 

In this chapter, unlike the previous chapters, we approach the children directly from the 

direction of their mathematics learning outcome. Using the 2014 Young Lives Survey data for India, we 

divide the children into two groups, better-performing children and rest of the children. The former have 

better background characteristics on an average as compared to the latter. Using the Blinder-Oaxaca 

decomposition, we find that a large part of learning difference is explained by the differences in their 

characteristics. Moreover, the impact of these differences in the form of average returns they reap for both 

the groups is significantly different where it is better for the former. 
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5.0.1 Introduction 

 

We have pointed out earlier in the previous chapters that the learning outcomes of children from 

India is significantly lower than the international average (Kingdon, 2007).46 However, there are states in 

India that perform better as compared to the national average. The National Achievement Survey (NAS, 

2014) class III (cycle 3) finds no significant difference in the performance of students form Andhra 

Pradesh and the national average in language while the former’s performance is significantly better than 

the national average on mathematics. It is here we investigate this question that who are the children that 

perform better than the others on the same mathematics test using Young Lives Survey for India. Is there 

a role of characteristics difference that result in the better performance of few children as compared to the 

others?  

A number of studies have established factors that have a key role to play in influencing the 

educational outcomes of children. Blau and Duncan (1967) and Duncan et. al. (1972) using 1962 survey 

data by the United States Bureau of the census obtained for five year birth cohorts of adult males talk 

about the relationship between their socio-economic characteristics and educational achievement. A 

similar effect of household facilities is captured in Currie and Yelowitz, (2000) using the Survey of Income 

and Program Participation (SIPP), USA. The academic achievement is affected indirectly by the 

household expenditure (Blau and Duncan, 1967; Duncan et. al. 1972) for USA, and similarly for 

Australian children in Cobb et al. (2014) using Youth in Focus survey. It is also affected by the whole 

Socio-economic status of the family in Davis, (2005) using national cross sectional study of children (8-

12 years old) and in Jeynes’, (2007) meta-analysis of 52 studies. Moreover, the influence of household 

wealth  on the language score in the study of poor preschool-aged children from Ecuador (in Paxson and 

                                                           
46 The Trends in Mathematics and Science Study (TIMSS) were applied where questions were asked to the secondary 

school going children from the states of Rajasthan and Orissa (Indian States). 

https://mhrd.gov.in/nas_class3
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Schady, 2007) and overall advantages and disadvantages of family (in Cobb et al. 2014) affects the  choice 

of either education and employment  of young adults.. The household and child characteristics (Witte, 

1992; Kingdon, 2007), cost effectiveness of private schools (Kingdon, 1996; Goyal, 2009) have an 

influence on the learning outcomes of children from India. The parental level of education exerts an 

influence on the educational outcomes of children..47 The parental education influences the educational 

outcome of children directly, as discussed in Mare (1980, 1981), where the influence to the educational 

continuation probability of American male children to further grades is discussed. The education of 

parents specifically influences the educational performance of children directly (as found in Paxson and 

Schady, 2007) and similar results are found in the study of Peruvian children by Artega and Glewwe 

(2014) and indirectly in (Davis, 2005). There are studies that found an influence of just one parents’ 

education on the educational outcomes of children. Family head’s education influences the educational 

achievement of children (Blau and Duncan, 1967) and same is influenced by just fathers’ education 

(Duncan et. al. 1972). Similarly, Sakellariou (2008) finds that fathers’ education influences a significant 

part of mathematics and language test scores of children from Peru. Fathers’ education is found to be more 

important than mothers’ education in influencing the child’s academic performance in Holmlund et al. 

(2011) using Swedish register data. On the other hand, there are studies that have results where it is just 

mothers’ education that has an influence on the educational performance of children. Leibowitz (1977) in 

a study of children from California finds that there is a significant positive relationship between mothers’ 

schooling and children’s test scores. Similarly, mothers’ cognitive test scores has significant effects on 

the mathematics test scores of children using National Longitudinal Survey of Youth in (Crane, 1996; 

Todd and Wolpin, 2007).  

                                                           
47 The educational outcome discussed includes the achievement scores, educational continuation decision, returns to 

education, etc. 
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There are studies that talk, unlike the ones discussed so far, about parental involvement and 

academic performance (such as Reynolds, 1992; Glewwe et. al., 2017) in Chicago, Vietnam and Peru. 

There are also meta-analysis (for instance Fan and Chen, 2001; Jeynes, 2005; Jeynes; 2007) which have 

talked about the parental involvement and the relationship it has with different educational outcomes of 

children.48 The educational expectations of parents in a study of American children by Mau (1997), and 

parental expectations, supervision, acceptance and psychological autonomy of Canadian children in 

Deslandes et al. (1997), parenting style (in Paxson and Schady, 2007), have discussed about its influence 

on the academic performance of children.  

The child features too are responsible for how he/she performs in school and/or continues in school. 

The schooling continuation decision of American, Swedish, and Indian children is greatly influenced by 

how a child performs academically (Mare, 1979; 1980; Breen and Jonsson, 2000; Mukhejee and Pal, 

2016). The health of a child has a crucial and a very important association with the educational 

achievement of children. For instance, studies (such as Behram, 1996; Glewwe et. al., 2001; Paxson and 

Schady, 2007; Frisvold, 2015; Glewwe et. al., 2017) have pointed out the connection between 

health/nutrition and the learning outcome of children from Philippines, Ecuador, and America. The 

educational outcome in general (Belot and James, 2011; Mukherjee and Pal, 2016) is affected by the 

child’s health of English and Indian children.  

The learning outcomes of children is also influenced by the type of schools they are in, where there 

are studies that have found the existence of a private schooling effect in learning outcomes. The private 

enrolment is associated with better child outcomes after controlling for family background characteristics 

in India (Desai et. al. 2008). Similarly, (Chudgar and Quin, 2012; Wamlawa and Burns, 2012; Singh, 

                                                           
48 The involvement is broadly defined as: parental aspiration/expectation for children’s education achievement and 

parental home supervision. 
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2015) have also found an association between attending private schools and having better achievement 

outcomes in Indian children. Wadhwa (2009) points out that the supplemental helps provided by Indian 

parents at home like tuitions etc. also explains a part of this difference in the performance of children from 

these two types of schools. There are studies that have found different results (for instance, Goldhaber, 

1996) where the overall private schools have no significant advantages in education on mathematics and 

reading.  Goyal and Pandey (2009) finds that the private performance in India is better than the public 

schools however the quality of both the type of schooling is low in both the cases. 

These studies have largely focused on the factors influencing the learning outcomes not on the extent 

to which they cause or explain the differences in the learning outcomes between groups of children. This 

chapter is an attempt to add to the growing body of literature on the learning outcomes of school going 

children. We have used the dataset of Young Lives (YL henceforth) Survey, India, for the older cohort of 

the fourth round. Our chapter is for a specific population at a specific point in time. These children have 

grown up in the context of poverty and the dataset traces the changes occurring in their lives as they are 

growing up. Using various features around which these children are growing, varying from socio-

economic features, parental education and childhood features, the study shall research the mathematics 

learning gaps between the first division scoring children and rest of the children.49 The primary focus of 

this study is to look into the background of the first division scoring children as against rest of the children 

at the time of fourth round YL survey. The idea is to see whether their respective differences (if any) 

explain the differences in the learning outcomes and to what extent they explain the differences in the 

performance of these children.  We slightly depart in this chapter from the previous chapters and studies 

that have been done so far, especially in India. Here, instead of studying the factors explaining the learning 

                                                           
49 Those who have scored 60 percent and above marks in the mathematics test conducted during the fourth round of 

YLS. Are called the better performing or first division children and remaining as rest. 
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outcomes of children, we, by using the major factors that are established to have an impact on the learning 

outcomes, study how they contribute to the differences in the learning outcome of children where few 

perform better than the rest. The studies of similar sort are minimal that try to explain the learning outcome 

gaps between Indian children and attribute it to the factors that contribute to the difference in the 

performance.  

 The rest of the chapter is organized as follows. Section 2 gives the description of data, source 

and variables used in our study along with descriptive statistics. Section 3 presents the methodological 

framework and empirical approach with the results followed by summary and conclusion of this chapter 

in Section 4. 

5.0.2 Data and Variables 

 

This chapter uses the Young Lives data for India (United Andhra Pradesh) which is a collaborative 

longitudinal research project coordinated by a team based at the University of Oxford. The survey includes 

four developing countries Ethiopia, India, Peru, and Vietnam to trace the nature of changing poverty. The 

survey has so far done five rounds across these countries tracing the lives of 12000 children growing up 

in the context of poverty. The survey is based on a pro-poor sample which has nearly an equal number of 

boys and girls, based both in rural and urban communities. These 3000 children in the Indian survey were 

selected from 20 sentinel sites spread now across two southern states of Andhra Pradesh and Telangana. 

The sites have been defined specifically for each country. The sampling method deployed in the data 

collection is a form of purposive sampling (Galab et. al. 2014). We have made use of the fourth round 

data, just like chapter 3.0 and 4.0, for the older cohort on India (united Andhra Pradesh) that was released 

in 2014. The survey in India was conducted on two age cohorts, young and old, where the younger cohort 

was 8 months of age when the survey was first conducted in the year 2002 and the older cohort was 8 

years of age at that time. The round covers 952 children from the older cohort. Our chapter had to drop 
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out observations as many of the information on various variables were missing. Majority of the 

observations were missing on the parental education variable. Moreover, we have considered only those 

children who are studying/studied in purely public, private schools. Those who have studied in a school 

different form these are not considered. Eventually we ended up with 522 observations for the analysis. 

We also had to consider the consistency of variable information both for round 3 and round 4 as the next 

chapter looks into both the rounds together. The Young Lives Survey provides information on various 

background characteristics of children and detailed record of necessary information needed for this 

research. The Table 1 gives description of the variables selected based on the literature reviewed used in 

our study and Table 2 gives the descriptive statistics of the variables. 
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Table 1: Description of the Variables 

 Variables Description 

Mathematics test Score 
Raw test score on mathematics of YL child collected at the time of the survey out of 30 

marks 

Parental Education (PE)50 

 

Mothers Education YL child’s mothers’ education in years 

Fathers Education YL child’s fathers’ education in years 

Household Features (H) 

 

 

 

Household Size Number of family members in YL child’s household 

Assets Value of the five most valuable assets owned, rented or borrowed in the YL child’s 

household 

School Cost Total expenditure incurred on school in the last academic year.51 

Expenditure The log of per capita monthly expenditure of YL child’s household 

Years Years of schooling received by YL child at the time of fourth round survey 

Child Specific Features (C) 

 

 

Type of School =1 if attended/attending public school last, 0 if private. 

Time Allocation Time spent by YL child on studies apart from that in school on a typical day 

English Score Raw test score on English of YL child collected at the time of survey 

Gender =1 if male; 0 otherwise 

Age in Months Age of the YL child in months at the time of fourth round survey 

Body Mass Index Body mass index of the YL child at the time of fourth round survey 

Others (O) 

 

Drinking Water Index constructed for whether or not the YL household has safe drinking water facility 

Household Quality A simple average of the following:52 

 

Table 2: Descriptive statistics of the Variables 
Variables Observations Mean Median Minimum Maximum Std. Dev. Skewness Kurtosis 

Math Score 522 14.479 15 0 29 7.074 -0.105 1.958 

Mothers Education 522 3.632 1 0 14 4.314 0.777 2.287 

Fathers Education 522 5.644 5 0 14 5.046 0.220 1.586 

Household Size 522 4.753 4 1 26 1.908 3.607 33.576 

Assets 522 30018.640 16000 100 563900 44478.140 6.573 69.525 

School Cost 522 19226.170 8425 0 189000 26380.520 2.486 10.487 

Expenditure 522 7.170 7.200 5.193 8.739 0.588 -0.396 3.277 

Years 522 13.448 14 10 15 1.745 -0.617 1.922 

Time Allocation 522 2.013 2 0 8 1.442 0.581 3.286 

English Score 522 16.513 17 4 22 3.306 -0.570 3.078 

Gender 522 0.550 1 0 1 0.498 -0.200 1.040 

Age in Months 522 227.877 228 219 238 4.134 -0.069 1.958 

Body Mass Index 522 19.934 18.900 0.196 200.4008 8.744 17.119 350.045 

Drinking Water 522 0.981 1 0 1 0.137 -7.016 50.220 

Household Quality 522 0.725 0.821 0.021 1 0.217 -1.256 4.009 

Type of School 522 0.57 1 0 1 .49 -.30 1.091 

 

 

 

                                                           
50 The parents in our dataset have received school education (up to Grade 12), post-secondary/vocational education, 

adult literacy, and university education. Those who have received post-secondary education, they have been treated 

as having obtained 13 years of education. The university graduates have been treated as having received 15 years of 

education since university education lasts for 3 years after finishing Grade 12. There are no parents who have received 

education beyond university education. The parents who have received just the adult literacy, they have been taken as 

having received just 1 year of education. 
51 This cost is the sum total of the tuition fees, education charges, private tuition, accommodation, transportation, 

uniforms, stationary etc. The school level heterogeneity will be captured by the variance in the sum total of these costs. 
52 Crowding (scaled sleeping rooms per person), main materials of walls-dummy variable that takes the value 1 if 

main materials of the walls satisfied the basic norms of quality, main materials of roof, and main materials of floor. 

(Azubuike and Briones, 2016). 
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As discussed previously, we have divided the children into two groups, namely, the better performing 

children, F, (first division scoring: who have scored sixty percent or above marks in mathematics) and the 

rest of the children as R. In Table 3 we present the descriptive statistics of all the variables described in 

Table 1 by the sub-group of children. The first part of the table describes the statistics of the first division 

scoring children and the second part describes the same for rest of the children.  

Table 3 Sub-sample Descriptive statistics 

First Division Children 

Math Score 180 22.289 22 19 29 2.482 0.463 2.318 
Mothers Education 180 5.161 5 0 14 4.479 0.291 1.945 
Fathers Education 180 6.872 7 0 14 5.302 -0.083 1.536 

Household Size 180 4.600 4 2 26 2.116 6.131 59.961 
Assets 180 35562.420 20650 1100 515000 48508.220 5.980 55.339 

School Cost 180 31147.950 16300 0 189000 33431.980 1.643 5.922 
Expenditure 180 7.193 7.196 5.263 8.728 0.570 -0.480 3.473 

Years 180 14.411 15 11 15 1.056 -1.592 4.053 
Time Allocation 180 2.461 2 0 8 1.283 0.683 3.833 

English Score 180 18.700 19 11 22 2.347 -0.695 3.111 
Gender 180 0.650 1 0 1 0.478 -0.629 1.396 

Age in Months 180 228.289 229 219 237 4.170 -0.133 1.973 
Body Mass Index 180 19.583 18.964 0.196 30.963 3.272 -0.213 10.230 

Drinking Water 180 0.994 1 0 1 0.075 -13.304 178.006 
Household Quality 180 0.782 0.848 0.125 1 0.182 -1.493 4.651 

Type of School 180 0.255 1 0 1 0.437 -1.120 2.256 

Rest of the Children 
Variables Observations Mean Median Minimum Maximum Std. Dev. Skewness Kurtosis 

Math Score 342 10.368 10 0 18 4.908 -0.177 1.896 
Mothers Education 342 2.827 0 0 14 4.003 1.101 2.851 
Fathers Education 342 4.997 5 0 14 4.788 0.356 1.668 

Household Size 342 4.833 4 1 13 1.787 1.433 6.612 
Assets 342 27100.860 13450 100 563900 41983.730 7.042 81.612 

School Cost 342 12951.550 6025 0 155850 19028.050 3.300 17.766 
Expenditure 342 7.158 7.200 5.193 8.739 0.598 -0.353 3.188 

Years 342 12.942 12 10 15 1.823 -0.166 1.583 
Time Allocation 342 1.778 2 0 7 1.466 0.707 3.295 

English Score 342 15.363 16 4 22 3.155 -0.488 3.099 
Gender 342 0.497 0 0 1 0.501 0.012 1.000 

Age in Months 342 227.661 228 219 238 4.104 -0.040 1.953 
Body Mass Index 342 20.118 18.851 14.076 200.401 10.540 14.896 252.459 

Drinking Water 342 0.974 1 0 1 0.160 -5.918 36.027 
Household Quality 342 0.695 0.806 0.021 1 0.228 -1.122 3.631 

Type of School 342 0.515 0 0 1 0.500 0.585 1.003 

 

 

The Table 4 portrays the standardized outcome variable (mathematics score) for the whole 

dataset as well as the sub-sample dataset. The mathematics performance gap as we see here is 1.686 

standard deviations, which is statistically significant. We see a big difference between the performances 

of both of these group of children. The mathematics scores here have been standardized using the standard 

deviation of the whole dataset for ease of comparison. 



146 
 

 

Table 4: The Mean Math Test score by the groups 

 For Whole Sample First Division Rest Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (F)-(R) t-test 

Math Score 522 2.047 1.000 180 3.152 .351 342 1.466 .694 1.686 30.58 

*the test score has been normalized by dividing it with the standard deviation of the overall sample for comparison 

 

Table 5 summarizes the mean of each variable for the whole dataset and by the division they 

have scored on mathematics test. The differences in the means of each variable is also presented to see 

whether they are significant. We see that majority of the variables are different, significant, and better for 

the first division scoring children. For instance, the first division scoring children have better schooled 

parents on an average. The mean years of schooling of both fathers and mothers is greater for them. The 

average asset holding (owned, rented, or borrowed) is 31 percent greater for the first division scoring 

children as compared to the rest. The average schooling expenditure in the last academic year for the first 

division scoring children is more than double the average expenditure for the rest of children. Similarly, 

the first division children have spent an average greater number of years on schooling than rest of the 

children. They have also spent a greater average amount of time on studies on a typical day apart from 

that in school. They also have better average score on English language. Moreover, 65 percent of the better 

performing children are males as against 49 percent for rest of the children. They have better household 

quality as measured by the household quality index than the rest of the children. Lastly, around 74 percent 

of the first division scoring children have studied/studying in the private school as against 48 percent for 

the rest of the children. Whether these differences in the features of these two groups of children contribute 

to the differences in the mathematics learning of the children is what we attempt to answer in the remaining 

section of this chapter. 
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5.0.3 Methodological Framework and Empirical Approach  

 

 The learning outcome of children depends on various background characteristics. This 

relationship could be depicted in a mathematical relationship. A simple production function can be used 

to express this relationship between mathematics learning and a set of background variables. This 

relationship has been discussed in the previous chapters too, albeit differently. We can see from table 5 

that the better performing children (F) have better average characteristics compared to the rest of the 

children (R). 

Table 5: The Difference in the Means of explanatory variables of the two groups 

Variable Overall First Division (F) Rest of the children (R) Difference 

Fathers Education 5.644 6.872 4.997 1.875146*** 

 (5.046) (5.302) (4.788)  

Mothers Education 3.632 5.161 2.827 2.333626*** 

 (4.314) (4.479) (4.003)  

Household Size 4.753 4.600 4.833 -0.233 

 (1.908) (2.116) (1.787)  

Assets 30018.640 35562.420 27100.860 8461.554*** 

 (44478.140) (48508.220) (41983.730)  

School Cost 19226.170 31147.950 12951.550 18196.4*** 

 (26380.520) (33431.980) (19028.050)  

Expenditure 7.170 7.193 7.158 0.035 

 (0.588) (0.570) (0.598)  

Years 13.448 14.411 12.942 1.469591*** 

 (1.745) (1.056) (1.823)  

Time Allocation 2.013 2.461 1.778 .6833333*** 

 (1.442) (1.283) (1.466)  

English Score 16.513 18.700 15.363 3.337427*** 

 (3.306) (2.347) (3.155)  

Gender 0.549 0.65 0.49 0.15*** 

 (0.497) (0.478) (0.500)  

Age in Months 227.877 228.289 227.661 0.628 
 (4.134) (4.170) (4.104)  

Body Mass Index 19.934 19.583 20.118 -0.536 
 (8.744) (3.272) (0.540)  

Drinking Water 0.981 0.994 0.974 0.021 
 (0.137) (0.075) (0.160)  

Household Quality 0.725 0.782 0.695 .086744*** 
 (0.217) (0.182) (0.228)   

Type Of School 0.425 0.255 0.515 -0.259*** 
 (0.494) (0.437) (0.500)  

Observations 522 180 342  

Note: ***p<0.01, ** p<0.05: Standard Deviations are in parentheses 

 The mathematics learning (EA) is a function of input variables like parental education (PE), 

household factors (H), Child specific features (C), and other features (O). 
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𝐸𝐴 = 𝑓(𝑃𝐸, 𝐻, 𝐶, 𝑂)                          (1) 

Yet even when an educational production function exists, there is no guarantee that one can estimate it 

(Artega & Glewwe, 2014). The linear regression equation for the whole dataset is shown below: 

 

                 𝐸𝐴 = 𝜃0 + 𝜃1(𝑃𝐸) + 𝜃2(𝐻) + 𝜃3(𝐶) + 𝜃4(𝑂) + 𝜖𝑖     (2) 

Following (Blinder, 1973; Oaxaca, 1973; Jann, 2008) the contribution of the group difference in the 

predictors to the overall outcome difference can be rearranged as follows: 

𝐷 = {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′𝛽 + 𝐸(𝑋𝑅)′(𝛼 − 𝛽) + {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′(𝛼 − 𝛽) 

This is referred to as threefold decomposition. We need a reference category in the empirical analysis of 

our research hence we have taken the F children as that category and the results are interpreted from the  

point of R children. 

𝐷 = 𝐸 + 𝐶 + 𝐼 

The first component, 

𝐸 = {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′𝛽 

 Amounts to the part of the difference that is due to the group difference in the predictors which 

is called the “endowment effects”. That part of the difference in the learning outcome of (F) and (R) 

children’s mathematics score which is explained because of the differences in the mean values of the 

background characteristics. The difference in their average background characteristics applied to the 

impact (returns) of the rest of the children. If the rest of the children were to have similar average 

background features (𝑋̅𝐹) as F children, this is how much their scores would have improved. This, 

assuming, the returns of the R children (𝛽) at the current level. 
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The second component, 

𝐶 = 𝐸(𝑋𝑅)′(𝛼 − 𝛽) 

 Measures the contribution of the differences in the coefficients which includes also the 

intercept. That part of the difference in the learning outcome of these two groups of children explained by 

the difference between the groups’ impact of the background characteristics. To put it differently, the 

impact on the outcome variable is different for each group and that is causing/explaining the difference in 

the outcome of each group. Keeping the average features of the R children at the current level (𝑋̅𝑅), if they 

were to have similar average returns as the better performing children (𝛼), this is how much their scores 

would have improved. Differences in the returns to the background features between the two groups 

applied to the average features of R children. 

And the third component, 

𝐼 = {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′(𝛼 − 𝛽) 

 This is an interaction term which accounts for the fact that differences in endowments and 

coefficients exist simultaneously between the two groups and is causing the difference in the mean 

mathematics learning simultaneously.  

5.0.3.1 Empirical Results 

 

 The Table 5 presents first the breakdown of the raw (and standardized) mathematics test scores 

for both the first division scoring and rest of the children. The first row shows the mean test scores for the 

first division children, followed by for the rest of the children in second row.  Third row shows the 

difference between mean test scores of both the groups of children. The difference in the mean scores 

stands approximately at 12 points (1.69 on standardized scores). The results indicate that the difference in 

the learning outcomes is primarily due to the coefficient effect, or differences between first division and 
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rest of the children in the impacts of considered  background characteristics (from Table 1). The learning 

outcome gap is also explained by the endowment effect (which is the difference between two groups in 

the mean values of background characteristics). In our results, the interaction of endowments and 

coefficients, though small, exists too which is negative in value. On the standardized mathematics score, 

out of the total 1.68 standard deviations, the coefficient effect contributes 1.42 standard deviation, 

endowment effect contributes 0.48 standard deviation, and interaction effect stands at -0.22. The value of 

the interaction effect is -0.22 which offsets a part of the learning gap explained more by the combined 

endowment and coefficient effects. All of these effects are significant at 1 percent level. With the average 

features of the F children, keeping the returns of R children at the current level, the gap in learning would 

have been removed by 84 percent. Similarly, with the returns of F children, keeping the features of R 

children at the current level, the gap in learning would have been reduced by 29 percent. Since the value 

of the interaction effect is -0.22 standard deviation or 13 percent, the total of these three effects stands at 

100 percent or the total actual difference in learning between these children. 

 

Table 6: Difference in Scores and the Blinder Oaxaca Decomposition 

 Coefficient Standardized Math Score53 p-value 

First Division Children 22.289 3.153 0.000 

Rest of the children 10.368 1.467 0.000 

Difference 11.920 1.686 0.000 
Endowment Effect 

{𝐸(𝑋+) − 𝐸(𝑋0)}𝛼 
3.457 0.489 0.000 

Coefficient Effect 

𝐸(𝑋+)′(𝛼 − 𝛽) 
10.052 1.421 0.000 

Interaction Effect 

𝐸(𝑋0)}′(𝛼 − 𝛽) 
-1.590 -0.224 0.001 

 

 

Because the coefficient effect is so important in our results, we look more closely at the 

individual factors that contribute to it. The Table 7 shows the detailed decomposition results by individual 

variables. The greatest contributor to this is the schooling years received by the child at the time of fourth 

                                                           
53 By dividing with the Standard deviation of math score for the overall sample. 
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round survey which contributes to almost two-third of the total coefficient effect and one-third of  the C 

is unexplained in our results. Similar effect of years of schooling is also found in the study of Vietnamese 

children by Glewwe et al. (2015). The result is a worrying sign as we have mentioned before that the 

children surveyed belong to the same age group and the existence (and further influence of it on the 

learning difference) points out that there is drop-out happening from schooling, more so for the children 

who cannot/did not perform well. Similarly, for the endowments effect, English language is the greatest 

contributor (a little over one-third or 39 percent of the total endowments effect) followed by years of 

schooling (contributing almost one-third or 33 percent of the total E). As we have pointed out in the earlier 

chapters that the significance of English language score in determining the mathematics score has to be 

understood in the context of the test questionnaire which was asked in both English and Telegu. Around 

14 per cent of the endowment effects is explained by the schooling cost incurred in the last academic year 

by the young lives child. 10 percent of the same is explained by the time allocation on studies on a typical 

day by the YL child apart from that in school. The gender of the child also explains a marginal part (4 

percent) of the endowment effects.  

The interaction effect stands out to be -0.22 (contributed almost two third by the years of 

schooling) and rest is unexplained in the results. The negative value of I has a different meaning at the 

point. The interpretation of E and C is premised upon isolation from one another. In order to get a negative 

value of I,(𝑋̅𝐹 − 𝑋̅𝑅)′(𝛼 − 𝛽), we must have to have at least one of the two parts to be negative. The first 

part, (𝑋̅𝐹 − 𝑋̅𝑅) is positive as we see from table 4 where all the average features are better for F children. 

However, when we look at the detailed composition of C (in table 7) the individual returns are better for 

R children (for years of schooling in round 4). The better individual returns of these factors for R children 

results in the negative value of I (through negative[𝛼 − 𝛽]). We must also notice that C captures the 

average returns to all the background features taken together, in isolation from E. This is what is captured 
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by I and in our results these negative values at the point is bringing down the total contribution of E and 

C. In sum the total difference is explained by the contributions of these three effects together.54 

Table 7: The Decomposition of Gaps for the Standardized Math Score 

 

 

Endowment Effect Coefficient Effect Interaction Effect 

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error 

Mothers Education -0.003 0.022 -0.035 0.036 -0.024 0.030 

Fathers Education -0.008 0.016 0.052 0.054 0.019 0.021 

Household Size 0.006 0.007 0.171 0.110 -0.008 0.008 

Assets -0.006 0.007 0.021 0.028 0.006 0.009 

School Cost 0.067* 0.037 -0.038 0.028 -0.054 0.041 

Expenditure 0.000 0.002 0.480 0.572 0.002 0.005 

Years 0.159*** 0.033 -1.083*** 0.418 -0.122*** 0.049 

Time Allocation 0.045** 0.019 -0.085 0.057 -0.033 0.023 

English Score 0.188*** 0.041 -0.030 0.254 -0.006 0.055 

Gender 0.022* 0.012 -0.033 0.041 -0.010 0.013 

Age in Months 0.007 0.006 -1.720 2.257 -0.004 0.007 

Body Mass Index 0.001 0.002 0.088 0.165 -0.002 0.005 

Drinking Water 0.000 0.004 -0.001 0.387 0.000 0.008 

Household Quality 0.007 0.013 0.108 0.144 0.013 0.018 

Type of School 0.003 0.019 0.000 0.097 0.000 0.025 

   3.520 2.397   

Total 0.489*** 0.000 1.421*** 0.000 -0.224*** 0.001 

 

5.0.4 Conclusion and Policy Implications 

 

Just like chapter 3.0 and 4.0, chapter 5.0 used the fourth round of Young Lives survey data for the 

older cohort. Approaching the children from the direction of their mathematics score, we characterized 

them into two groups. The first group of children included those children who scored 60 percent and above 

marks and calling them first division children. The rest of the children are those who have less than 60 

percent score on mathematics test. The significant difference in learning between them was pointed out. 

We then moved on to their respective background characteristics where we saw that the better performing 

children have significantly better average characteristics compared to the rest of the children. We then put 

the learning difference and the differences in the background features together and tried to associate the 

latter with former. To do that, we have used the threefold Blinder-Oaxaca decomposition to break the 

difference in mean mathematics learning in order to attribute it to various factors. 

                                                           
54 6. For more details on the interpretation and explanation of the negative value of interaction effect see Biewen (2012). 
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The results tell us that the most important contributor to the mathematics learning difference 

between the F and R children is the differential returns to the background features. We learnt from our 

results that the F children have better average returns to background features compared to R children. The 

differential returns to background features which is called the coefficient effect explains 85 percent of the 

total standardized learning difference between them. Of the total coefficient effect here, 76 percent of this 

effect is explained by the gap in average years of schooling between the better performing and rest of the 

children. Similarly, the actual difference between them in terms of the average background features 

contributes to around 29 percent of the total standardized learning difference between them. There are 

several factors which contribute to the endowments effect, which is what it is called, where the major part 

is contributed by the difference in the average English scores between them. This is followed by the 

contribution of the years of schooling gap between these groups of children which, just like English, 

contributed to one-third of the total E. The schooling cost which captures the spending in the last academic 

year also contributes to the endowments effect between them. The time allocation on studies by these 

children apart from the hours they spend in schools has a significant contribution too. And a marginal part 

is also contributed by the gender of the child in favor of the male children. 

The results in our study point lucidly in a policy direction: increasing the years of education 

(similar to Artega and Glewwe, 2014). The number of years a child has been in education has the single 

biggest positive impact on the mathematics learning outcomes (in both the endowments and coefficients 

effect). This is an issue which needs further exploration to find out why, the children who belong to the 

same age group have varied levels of education years. Is this because of a drop-out? As in Wadhwa (2009), 

there is an association between tuition cost and achievement outcomes, we find similar influence of school 

cost (which also includes the tuition cost) on the mathematics learning outcomes of children. Policies must 

be made to ensure that children from poorer background should not be left behind in availing better quality 
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education simply because they cannot pay a higher cost. The time allocation on studies and the gender of 

the child show similar results as found in Kingdon (1996). The time allocation variable needs to be 

explored as well. In order to understand who are the children that spend greater time on studies apart from 

that in schools, this exploration is necessary. This would make it clearer as to what motivates child to 

spend time on education. One interesting finding of our study is a large contribution of the English score 

in the endowments effect. Those who are good in one are good in the other and former is influencing the 

score on the latter. The mathematics test questionnaire were asked in both English and Telegu (the local 

language) so the results suggest that the knowledge of English catered to the understanding of these 

questions asked at the time of survey. It should also be noted (as in Artega and Glewwe, 2014) that 

enrolment does not mean attendance, focus must also be paid on the latter and to the quality of the 

attendance. Unlike this study, where they have not considered years of schooling of the child at the time 

of survey, we have included this as well and have found its significant impact on the mathematics learning 

outcome of children. 
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5.1 Inside the Mathematics Learning 

Inequality: Analysis of Young Lives Survey 

Data, India 
 

 

 

 

 

 

 

 

Abstract 

This chapter studies mathematics learning gaps within Indian children at two points in time. Dividing 

them into two groups, better performing and rest, we investigate causes of the difference in the average 

learning between them at those two points. We explore this question using the threefold Blinder-Oaxaca 

decomposition at these survey points (collected over a gap of four years). We find that when the children 

were younger the private schooling effect was the core contributor towards this learning gap. When these 

children got older, the effect vanished and the gap in average years of schooling, which has magnified 

during this time between these groups of children, contributes most to this learning gap. 

 

 

 

Keywords: Mathematics Learning; Blinder-Oaxaca Decomposition; Endowment Effect; 

Coefficient Effect; Schooling 
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5.1.1 Introduction 

Continuing from the last chapter, in this chapter, we look into the mathematics learning inequality 

among Indian children at two points in their lives. These children are from the southern states of Andhra 

Pradesh and Telangana. The state was bifurcated into these two in 2014 and surveyed children are now 

spread across these two states. We investigate learning inequality among the children who perform better 

as against those children who have not. Using YLS data for India we attempt to study two groups of 

children (better performing and rest) at two points in their lives as an attempt to understand the reason for 

better performance of few as against the rest.  

The World Bank in 2006 applied the Trends in Mathematics and Science Study (TIMSS-2003) on 

the secondary school going Indian children (from the states of Rajasthan and Orissa). Their Mathematics 

learning was found to be significantly poorer compared to the international average (Kingdon, 2007). The 

public expenditure on education in India as a percentage of GDP has been increasing over the years and 

marginally since 2010.55 The Annual Status of Education Report (ASER) 2005 concludes that the increase 

in the financial resources towards education does not reflect in the levels of learning in primary education 

(ASER, 2005). There is a decline in the ability to do basic math nationally, which is visible across all 

classes (ASER, 2010). ASER (2017) further reports that in the age group of 14-18, a quarter of the 

surveyed children could not read basic text in their own language and they also struggled with doing basic 

division exercises.  

 In this study, using the novel dataset of Young Lives Survey (YLS henceforth), we look into the 

mathematics learning inequality among Indian children. These children are from the southern states of 

Andhra Pradesh and Telangana. The state was bifurcated into these two in 2014 and surveyed children are 

                                                           
55 As per the Ministry of Human Resource Development’s Educational Statistics at a glance, 2014 on Education and 

other departments. 
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now spread across these two states. We investigate the children who perform better as against those 

children who have not. We attempt to study two groups of children (better performing and rest) at two 

points in their lives as an attempt to understand the reason for better performance of few as against the 

rest.  

Several previous studies (for instance Kingdon, 1996; Desai et al., 2008; Goyal, 2009; Wadhwa, 

2009; Chudgar and Quin, 2011; Wamalwa and Burns, 2012; Singh, 2015; Singh and Mukherjee, 2019) 

researched the connection between type of school and child achievement in the Indian context. Majority 

of these studies have found a private schooling effect on learning outcome. On the contrary, there are 

studies that have found that in different set ups this effect is not apparent. Goyal and Pandey (2009) have 

found a private schooling effect, however, their results suggest that despite this the quality of both public 

and private schools is low. Moreover, Muralidharan and Sundararaman (2015) in their study of the 

children from Andhra Pradesh point out that there is no public-private difference in learning in some 

aspects.  

In this research, we have used YLS to explore the mathematics learning of Indian children. This 

YLS dataset has been used previously to research the learning aspect of children across all the four 

surveyed countries. The resources around which a child grows, has an association with the cognitive and 

psycho-social well-being of children. The material circumstances in general (in Dercon and Krishnan, 

2009) and household features in particular (in Crookston et. al. 2014) have strong association with the 

outcome. This association is strongly positive with the child cognitive scores (Crookston et. al. 2014). 

Similarly, the influence of the parents’ education and child’s health is strong with learning outcomes (in 

Arteaga and Glewwe, 2014 and Glewwe et al 2015 for Peruvian and Vietnamese children respectively). 

Furthermore, the urban rural-learning gap among the Ethiopian children (in Sanfo and Ogawa, 2021) is 

found to have been explained in large part by the differences in the child and family level characteristics. 
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Singh and Mukherjee (2019) have found a connection between private pre-school attendance and its 

positive influence on mathematics learning among Indian children.  

Past research has looked into these aspects among children from lower and middle income countries 

as well. Among the Sub-Saharan African children, Zhang (2006) finds that the inferior socio-economic 

conditions of rural children is a core reason for their poor performance compared to their urban 

counterparts. Similarly, in Zambia (in Burger, 2011) the urban-rural learning gap is shaped by the resource 

differences between them. Sakellariou (2008), just like Arteaga and Glewwe (2014), looked into the role 

of family level, child level, and school level characteristics with children’s test scores (for Peruvian 

children). And Paxson and Schady (2007) also talks about the connection between household features and 

learning among children from Ecuador. In both of these studies the association is found to be positive. 

One improvement in this area of literature is by Barrera-Osorio et al (2011) where they study the children 

from Indonesia using the PISA dataset (2003 and 2006). They study the learning difference between the 

two points in the context of family, school, and student level inputs. The findings are again similar in the 

study of Chinese children’s (in Li and Qiu, 2018) where the association of family’s SES is strong, more 

so for the urban children, with the academic performance. Irrespective of the context, we learn from the 

previous literature that there is a clear connection, specifically between household characteristics and 

learning outcomes of children.  

On similar line, the high income countries have been extensively researched on several aspects of 

child learning. Among these studies, children of USA (in Leibowitz, 1977; Crane, 1996; Currie and 

Yelowitz, 2000; Davis, 2005; Todd and Wolpin, 2007) have been frequent. Cobb et al. (2014) have studied 

the Australian children’s learning outcome. German and Finnish children’s learning outcome has also 

been studied (Ammermueller, 2007b). The learning outcomes of children from OECD countries is also 
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done (Zhang and Lee, 2011). Holmlund et al. (2011) have looked into the Swedish children’s learning 

outcomes. 

The need to study the Indian children arise from growing reports from ASER suggesting a decline 

in the ability to do basic mathematics of Indian children. We have divided the YL Indian children into two 

groups. The first division scoring children (F; 60 percent and above marks) as better performers and 

remaining as rest(R; below 60 percent marks).56 Previous studies have grouped children based on their 

background characteristics (parental education, gender, ethnicity etc.). There are researches that have 

chosen the 60 percent cutoff (as an independent/dummy variable) in the literature. As a measure of 

teachers’ quality, Kingdon and Teal (2007) and Atherton and Kingdon (2010) have considered a cutoff 

(60 percent threshold) of teachers in their degrees. In both of these studies, the cutoff has been used as a 

dummy variable, just like any other dummy in the previous literature. Furthermore, Singh (2011b; 2012) 

and Asif et al. (2017) too have a detailed mention of this cutoff in their respective studies. Borrowing 

from these, division of children in our study was decided based upon their performance on mathematics. 

There are better methods available to study the outcome variable in this fashion. Quantile regression, from 

the wage literature (Machado and Mata, 2005; Melly, 2005; Rajas et al., 2017) has been applied in the 

education/performance literature, to study the influence of background features on student achievement 

across different distribution of outcome/performance score (in Koenker and Hallock, 2001; Tian, 2006; 

Reeves and Lowe, 2014; Elizabeth and Schatschneider, 2014; Le and Nguyen, 2018). This research could 

not use the quantile regression despite the probable suitability because, as Reeves and Lowe (2009) point 

out, this method is more suitable for large sample sizes. As the sample size in our research is small, the 

robustness and generalizability of the results obtained using F and R categorization is expected to be 

                                                           
56 The definition of first division children and rest of the children is same in both the rounds of this study. However, the children 

falling into these categories at both of these points are not necessarily the same. The total number of children are the same at both 

of these points. 
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affected. Despite this limitation, this research does provide some valuable insights in the dynamics of 

learning inequality. Lipovetsky (2012) discusses this method of classifying the dataset based on the 

outcome which entails a loss of information for all the groups created. We will see that when the children 

were younger the factors that explained the difference were largely different compared to when they are 

four years older. The core factors to understand learning differences include the private schooling effect, 

time allocation on studies and years of schooling. Our study is for a specific population at two specific 

points in time i.e. when they were 15-16 and 19-20 years old. To our knowledge, there is no study for the 

Indian children where this method was used to explore learning inequality among children over time. Such 

learning difference exploration has not been done previously, especially in the context of India. However, 

there are few studies (such as Barrera-Osorio et al., 2011; Arteaga and Glewwe, 2014; Parvez and 

Laxminarayana, 2021) that have identified that the predictors of learning outcome change over time. Our 

research also finds similar results to these as we shall discuss later. Using the threefold Blinder-Oaxaca 

decomposition we break down the mean mathematics learning gap between them at two points. The 

Blinder-Oaxaca decomposition has been previously used (in Ammermueller, 2007b; Zhang and Lee, 

2011; Barrera-Osorio et al., 2011; Burger, 2011; Baird, 2012; Arteaga and Glewwe, 2014; Glewwe et al., 

2015; Sanfo and Ogawa, 2021) to study the learning outcome difference.  

 The rest of the chapter is organized as follows. Section 2 gives the description of data, source 

and variables used in our chapter along with descriptive statistics. Section 3 presents the methodological 

framework and empirical approach along with the results followed by summary and conclusion of this 

chapter in Section 4. 
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5.1.2 Data and Variables 

This study uses two rounds of Young Lives Survey data for India (United Andhra Pradesh) which is a 

collaborative longitudinal research project coordinated by a team based at the University of Oxford.57 The 

overall survey includes four developing countries Ethiopia, India, Peru, and Vietnam to trace the nature 

of changing poverty. The survey has so far done five rounds across these countries tracing the lives of 

12000 children growing up in the context of poverty. The survey is based on a pro-poor sample (a pro-

poor sample bias as mentioned in Keane et al. (2018)) which has nearly an equal number of boys and 

girls, based both in rural and urban communities. The 3000 children in the Indian survey were selected 

from 20 sentinel sites spread now across two southern Indian states of Andhra Pradesh and Telangana. 

The sites have been defined specifically for each country. The sampling method deployed in the data 

collection is a form of purposive sampling (Galab et. al. 2014).58 This survey is repeated on the same set 

of children every four years. We have made use of the third and fourth round data for the older cohort on 

India which was released in 2010 and 2014 respectively. The older cohort which makes the Indian sample 

one-third of the total survey children, were born between Jan’94 and June’95. The remaining children, 

younger cohort, makes two-third of the Indian sample and they were born between Jan’01 and June’02. 

The third round covered 977 and fourth round covers 952 children from the older cohort. The attrition rate 

in the Indian survey has been kept really low (Singh, 2015). Our study had to drop out observations as 

information on various variables for many observations were missing. Majority of the observations were 

missing on the parental education. Moreover, we have considered only those children who are 

studying/studied in purely public or private schools and we had to drop children who have studied in 

different schools (54 observations). We are only studying those children who have participated and on 

                                                           
57 The Indian state selected for this survey was Andhra Pradesh when the survey began in 2002. The state was bifurcated into 

two separate states in 2014, now the surveyed children belong to either one of the two states. 
58 Or ‘cluster’ in the language of sampling. 

https://www.younglives-india.org/about-young-lives-india
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whom the information on the required variables are available at both the rounds and we ended up with 

522 observations for the analysis. The Young Lives Survey provides information on various background 

characteristics of children and detailed record of necessary information needed for this research. The 

variable of interest here is mathematics test scores of children. In each round YL collected information 

about children’s learning achievement with the help of language and mathematics tests (Galab et al. 

2014a). The tests that were administered to YL children were different for each round, though there were 

few similarities. The detailed information on these tests are available in YLS questionnaires. In round 3, 

the test for the older cohort had two sections. The first section (which included 20 items) asked questions 

pertaining to addition, subtraction, multiplication, division, square roots (which included both whole 

numbers as well as fractions). The second section (10 items) included questions on mathematics problem 

solving which were developed using PISA and TIMSS. This section’s questions were on data 

interpretation, number problem solving, measurement, and geometry. Similarly, the round 4 test had five 

sections which asked problems on similar aspects as round 3. The difficulty level was adjusted, as there 

was a gap of four years between the two rounds (Dawes, 2020). In total there were 30 questions in each 

round. The scores were obtained by adding the correct responses out of 30. 

We must note here that there were similarities in the questions between the rounds (Dawes, 2020), they 

cannot be compared directly (Dawes, 2020; Rolleston, 2014). In order to make these tests comparable, 

especially mathematics, between the rounds, the reliability and validity has to be checked. There are 

several studies (Cueto and Leon, 2012; Azubuike et al. 2017) which have done that using the Classical 

Test Theory (CTT) and Item Response Theory (IRT). The application of these tests brought them to a 

uniform comparable scale, which allowed for a comparable study between the rounds. Our study does not 

directly do a comparison between the rounds hence we have not used this in our study. 
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The Table 1 gives description of the variables selected based on the literature reviewed used in our 

study. The Table 2 presents the overall descriptive statistics of all the variables described in Table 1 for 

each round of the survey, and by the sub-group of children by their performance. What is visible is that 

the absolute number of better performing children has doubled from round three to round four. The Table 

3 provides information on the mathematics score for the children in both the rounds. For the ease of 

understanding at a point, the scores have been normalized by dividing with the standard deviation of the 

overall sample from respective rounds. We see that there is a reduction in the gap in learning from round 

three to round four. One reason this could have happened is because of the item composition in each 

round. The questions were different for each round which could also have affected their performance and 

in turn, may have caused the gap between the groups to come down. This test effect must be kept in mind 

while reading the results. Also, the broad areas that were covered in the questionnaire were same and 

children might have learnt in the four years gap.  Furthermore, the idea of this research is not to look into 

the movement of this gap or do an inter-round comparison. Since the children were four years older in 

round 4 survey, we cannot, with certainty, say that the improvement in the average score (although 

incomparable with standardization as well) is an improvement. Glewwe et al. (2015) and Barrera-Osorio 

et al. (2021), for instance, points out that there is a connection between age of the child and their learning 

outcome. We have to be careful while interpreting the averages at these two points as we do expect a 

change in score simply because the children are older. We considered the age of child at the time of both 

of these surveys (and analysis) but since there is no significant variation in their age, we do not find the 

significant role of this variable at these points. In Table 4 the mean values of each variable for the whole 

dataset and by the sub-groups is summarized. We see that majority of the variables are different, 

significant, and better for F children at each round. Almost all the similar variables are significantly better 

for them at both the points. 



164 
 

Table 1: Description of the Variables 

 

Variables Description 

Mathematics test Score 

Raw test score on mathematics of YL child collected at the time of surveys out of 30 

marks. This has also been standardized using the standard deviation of whole sample in 

each round for ease of comparison. 

Parental Education (PE)59 

 

Mothers Education YL child’s mothers’ education in years 

Fathers Education YL child’s fathers’ education in years 

Household Features (H) 

 

 

 

Household Size Number of family members in YL child’s household 

Assets (Round 4) Value of the five most valuable assets owned, rented or borrowed in the YL child’s 

household 

Assets (Round 3) Value of assets owned, rented or borrowed in the YL child’s household 

School Cost (Round 4) Total expenditure incurred on school in the last academic year.60 

School Cost (Round 3) How much has the YL household spent on school fees and extra tuition for the child per 

year 

Expenditure (Round 4) The log of per capita monthly expenditure of YL child’s household 

Expenditure (Round 3) The log of real per capita monthly expenditure of YL child’s household; base 2006 prices 

Child Specific Features (C) 

 

 

Years Years of schooling received by YL child at the time of surveys 

Type of School =1 if attended/attending public school last, 0 if private. 

Time Allocation Time spent by YL child on studies apart from that in school on a typical day 

English Score Raw test score on English of YL child collected at the time of survey out of 30 marks61 

Gender =1 if male; 0 otherwise 

Age in Months Age of the YL child in months at the time of surveys 

Body Mass Index Body mass index of the YL child at the time of surveys 

Others (O) 

 

Drinking Water Index constructed for whether or not the YL household has safe drinking water facility 

Household Quality A simple average of the following:62 

 

 

                                                           
59 The parents in our dataset have received school education (up to Grade 12), post-secondary/vocational education, adult literacy, 

and university education. Those who have received post-secondary education, they have been treated as having obtained 13 years 

of education. The university graduates have been treated as having received 15 years of education since university education 

lasts for 3 years after finishing Grade 12. There are no parents who have received education beyond university education. The 

parents who have received just the adult literacy, they have been taken as having received just 1 year of education. 
60 In the fourth round this cost is the sum total of the tuition fees, education charges, private tuition, accommodation, 

transportation, uniforms, stationary etc. in the last academic year. The school level heterogeneity is captured by the variance in 

the sum total of these costs. 
61 This information is available only in the fourth round survey. 
62 Crowding (scaled sleeping rooms per person), main materials of walls-dummy variable that takes the value 1 if main materials 

of the walls satisfied the basic norms of quality, main materials of roof, and main materials of floor. (Azubuike and Briones, 

2016). 
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Table 2: Descriptive Statistics of the Variables 

 

 

 

 

Table 3: The Mean Math Test score by the groups 

Round 4 

 

Overall First Division Rest Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (F)-® t-test 

Math Score 522 2.047 1.00 180 3.152 .351 342 1.466 .694 1.686 30.58 

Round 3 

 

Overall First Division Rest Difference 

Obs. Mean S.Dev. Obs. Mean S.Dev. Obs. Mean S.Dev (F)-® t-test 

Math Score 522 1.839 1.00 91 3.422 .414 431 1.505 .732 1.916 24.148 

*the test scores have been normalized by dividing it with the standard deviation of the overall sample for ease

 Round 4 Round 3 

 Overall First Division Rest Overall First Division Rest 

Variables Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

Math Score 14.479 7.074 22.289 2.482 10.368 4.908 11.312 6.156 21.044 2.546 9.258 4.504 

Mothers Education 3.632 4.314 5.161 4.479 2.827 4.003 3.632 4.314 6.043 4.730 3.122 4.047 

Fathers Education 5.644 5.046 6.872 5.302 4.997 4.788 5.643 5.045 7.736 5.305 5.201 4.882 

Household Size 4.753 1.908 4.600 2.116 4.833 1.787 5.086 1.974 5.065 2.421 5.090 1.869 

Assets 30018.640 44478.140 35562.420 48508.220 27100.860 41983.730 9291.452 52007.87 8172.802 33687.21 9527.64 55130.67 

School Cost 19226.170 26380.520 31147.950 33431.980 12951.550 19028.050 2723.567 5344.192 5979.121 7369.401 2036.2 4530.036 

Expenditure 7.170 0.588 7.193 0.570 7.158 0.598 6.776 .561 6.977 .455 6.734 .572 

Years 13.448 1.745 14.411 1.056 12.942 1.823 8.641 1.308 8.978 1.282 8.571 1.304 

Time Allocation 2.013 1.442 2.461 1.283 1.778 1.466 2.626 1.293 3.066 1.459 2.534 1.238 

English Score 16.513 3.306 18.700 2.347 15.363 3.155 - - - - - - 

Gender 0.550 0.498 0.650 0.478 0.497 0.501 .550 .498 .703 .459 .515 .500 

Age in Months 227.877 4.134 228.289 4.170 227.661 4.104 179.197 4.105 179.376 3.784 179.160 4.172 

Body Mass Index 19.934 8.744 19.583 3.272 20.118 10.540 17.608 2.767 17.709 2.905 17.588 2.741 

Drinking Water 0.981 0.137 0.994 0.075 0.974 0.160 .963 .187 .989 .105 .958 .200 

Household Quality 0.725 0.217 0.782 0.182 0.695 0.228 .604 .298 .712 .213 .582 .309 

Type of School 0.425 .494 0.255 0.437 0.515 0.500 .622 .485 .297 .459 .691 .462 

Observations 522 180 342 522 91 431 
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Table 4: The Difference in the Means of explanatory variables of the two groups 

Variable Overall First Division (F) Rest of the children (R) Difference 

 R 4 R3 R 4 R3 R 4 R3 R 4 R3 

Math Score 14.479 11.312 22.289 21.042 10.368 9.257 11.920*** 11.786*** 
 (7.074) (6.156) (2.482) (2.547) (4.908) (4.504)   

Fathers Education 5.644 3.632 6.872 6.044 4.997 3.123 1.875*** 2.921*** 

 (5.046) 4.31428 (5.302) (4.730) (4.788) (4.047)   

Mothers Education 3.632 5.643 5.161 7.736 2.827 5.202 2.333*** 2.534*** 

 (4.314) (5.045) (4.479) (5.306) (4.003) (4.882)   

Household Size 4.753 5.086 4.600 5.065 4.833 5.090 -0.233 -.025 

 (1.908) (1.974) (2.116) (2.421) (1.787) (1.869)   

Assets63 30018.640 9291.452 35562.420 8172.802 27100.860 9527.64 8461.554*** -1354.838 

 (44478.140) (52007.87) (48508.220) (33687.21) (41983.730) (55130.67)   

School Cost 19226.170 2723.567 31147.950 5979.121 12951.550 2036.2 18196.4*** 3942.921*** 

 (26380.520) (5344.192) (33431.980) (7369.401) (19028.050) (4530.036)   

Expenditure 7.170 6.776 7.193 6.976 7.158 6.734 0.035 .242*** 

 (0.588) (.561) (0.570) (.455) (0.598) (.573)   

Years 13.448 8.641 14.411 8.978 12.942 8.571 1.470*** .407*** 

 (1.745) (1.308) (1.056) (1.282) (1.823) (1.304)   

Time Allocation 2.013 2.626 2.461 3.065 1.778 2.533 .683*** .532*** 

 (1.442) (1.293) (1.283) (1.459) (1.466) (1.238)   

English Score 16.513 - 18.700 - 15.363 - 3.337*** - 

 (3.306) - (2.347) - (3.155) -   

Gender 0.549 .547 0.65 .703 0.49 .515 0.15*** .188*** 

 (0.497) (.498) (0.478) (.459) (0.500) (.500)   

Age in Months 227.877 179.197 228.289 179.373 227.661 179.160 0.628 .213 

 (4.134) (4.105) (4.170) (3.785) (4.104) (4.173)   

Body Mass Index 19.934 17.608 19.583 17.708 20.118 17.587 -0.536 .121 

 (8.744) (2.767) (3.272) (2.906) (0.540) (2.741)   

Drinking Water 0.981 .963 0.994 .989 0.974 .958 0.021 .031* 

 (0.137) (.187) (0.075) (.105) (0.160) (.200)   

Household Quality 0.725 .604 0.782 .712 0.695 .582 .086744*** .131*** 

 (0.217) (.298) (0.182) (.213) (0.228) (.309)   

Type Of School 0.425 .622 0.255 .297 0.514 .691 -0.259*** -.395*** 

 (0.494) (.485) (0.437) (.459) (0.500) (.462)   

Observations 522 180 91 342 431   

Note: ***p<0.01, ** p<0.05, *p<.10 

 Standard Deviations are in parentheses 

 

In Table 4 the mean values of each variable for the whole dataset and by the division they have 

scored on the mathematics test for each round separately is summarized. We see that majority of the 

variables are different, significant, and better for F children at each round. Almost all the similar variables 

are significantly better for them at both the points. The aim now is to see which of these background 

characteristics contribute to the difference in the average performance of these two groups of children at 

these two survey points. To what extent does these differences in the average background features 

                                                           
63We have to be careful while reading this as the definition of this variable is slightly different for each round due to data 

limitation. 
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contribute to the difference in the average learning outcome gap is what we attempt to answer in the 

remaining section of this paper.  

5.1.3 Methodological Framework and Empirical Approach  

 A simple cognitive production function can be used to express the relationship between 

mathematics learning and a set of background characteristics. The mathematics learning (EA) is a function 

of input variables like parental education (PE), household factors (H), Child specific features (C), and 

other features (O) which are discussed in Table 1. 

𝐸𝐴 = 𝑓(𝑃𝐸, 𝐻, 𝐶, 𝑂)                          (1) 

Yet even when an educational production function exists, there is no guarantee that one can estimate it 

(Artega & Glewwe, 2014). The reduced form equation for the decomposition in our analysis (following 

Blinder, 1973; Oaxaca, 1973; Jann, 2008) can be rearranged as shown in equation 2. In the analysis, for 

the application of Blinder-Oaxaca decomposition, we need a reference category from the two groups and 

we have taken F children as such. Moreover, the point of analysis is R children, meaning, the results are 

interpreted from their point. 

 𝐷 = {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′𝛽 + 𝐸(𝑋𝑅)′(𝛼 − 𝛽) + {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′(𝛼 − 𝛽)  (2) 

 This is called the threefold decomposition. The 𝛼 and 𝛽 are the coefficient vectors of F and R 

children, respectively, including the intercept. 

𝐷 = 𝐸 + 𝐶 + 𝐼 

The first component, 

𝐸 = {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′𝛽 
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Amounts to the part of the difference that is due to the group difference in the predictors and is 

called the “endowment effects”. The gap in the average background features applied to the impact (returns) 

of R children. 

The second component, 

𝐶 = 𝐸(𝑋𝑅)′(𝛼 − 𝛽) 

 Measures the contribution of the differences in the coefficients which includes also the 

intercept. It captures the differential returns to average features for each group. Gap in the average returns 

applied to the average features of R children. 

And the third component, 

𝐼 = {𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′(𝛼 − 𝛽) 

This is an interaction term which accounts for the fact that E and R effects between the two 

groups exist simultaneously. Our study estimates this decomposition and discusses about three effects in 

detail at both the survey points.  

5.1.3.1 Empirical Results 

On the standardized mathematics score, our results explain the entirety of the learning gap for 

each round (Table 5). Out of the total difference of 1.69 standard deviations (s.d.) in round 4, E explains 

28 percent  where the corresponding figure for round 3 stood at 16 percent (out of total 1.92 s.d.). If the R 

children had had similar average features as the F children (𝑋̅𝐹), their scores would have improved by 

0.48 s.d. in round 4 (and 0.31 s.d. in round 3) given their returns stayed at the current level (𝛽). A large 

part of the learning difference between these children is because of the fact that F children have had better 

average features as against R children. However, the E’s influence in explaining the learning difference 
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between the rounds has magnified proportionately. We see from Table 4 that several important features 

(such as assets, school cost, time allocation) are significant at both the points but these differences have 

magnified in favor of the F children between the rounds. This is the reason we find a proportionately 

larger contribution of E in round 4 than in round 3. 

Similarly, C’s contribution is 84 percent of the total difference in round 4 and the corresponding 

figure is 92 percent for round 3. If the R children’s features stayed at the current level (𝑋̅𝑅), with the 

average returns of the F children (𝛼) the improvement in their scores would have been 1.42 s.d. in round 

4 (and 1.78 s.d. in round 3). We learn from here that, not only do F children have consistently better 

features, they have better and more efficient utilization of those resources compared to R children. This is 

true at both of the studied points. F children have been reaping better returns to already better average 

background features when compared to R children. One promising element, however, is the proportional 

decline in C between the rounds.  

Table 5: Difference in Scores and the Blinder Oaxaca Decomposition 

 

  

                                                           
64 By dividing with the Standard deviation of math score for the overall sample. 

 Coefficient (on raw score) Coefficients (on Standardized Math Score64) p-value 

 Round 4 Round 3 Round 4 Round 3 Round 4 Round 3 

First Division 22.289 21.044 3.153 3.421 0.000 0.000 

Rest of the children 10.368 9.258 1.467 1.505 0.000 0.000 

Difference 11.920 11.786 1.686 1.916 0.000 0.000 
Endowment Effect 

{𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′𝛽 
3.457 1.886 0.489 .306 0.000 0.000 

Coefficient Effect 

𝐸(𝑋𝑅)′(𝛼 − 𝛽) 
10.052 10.913 1.421 1.775 0.000 0.000 

Interaction effect 

{𝐸(𝑋𝐹) − 𝐸(𝑋𝑅)}′(𝛼 − 𝛽) 
-1.590 -1.013 -0.224 -.165 0.001 0.055 
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Table 6: The Decomposition of Gaps for the Standardized Math Score 

Round 4 

 

 

Endowment Effect Coefficient Effect Interaction Effect 

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error 

Mothers Education -0.003 0.022 -0.035 0.036 -0.024 0.030 

Fathers Education -0.008 0.016 0.052 0.054 0.019 0.021 

Household Size 0.006 0.007 0.171 0.110 -0.008 0.008 

Assets -0.006 0.007 0.021 0.028 0.006 0.009 

School Cost 0.067* 0.037 -0.038 0.028 -0.054 0.041 

Expenditure 0.000 0.002 0.480 0.572 0.002 0.005 

Years 0.159*** 0.033 -1.083*** 0.418 -0.122*** 0.049 

Time Allocation 0.045** 0.019 -0.085 0.057 -0.033 0.023 

English Score 0.188*** 0.041 -0.030 0.254 -0.006 0.055 

Gender 0.022* 0.012 -0.033 0.041 -0.010 0.013 

Age in Months 0.007 0.006 -1.720 2.257 -0.004 0.007 

Body Mass Index 0.001 0.002 0.088 0.165 -0.002 0.005 

Drinking Water 0.000 0.004 -0.001 0.387 0.000 0.008 

Household Quality 0.007 0.013 0.108 0.144 0.013 0.018 

Type of School 0.003 0.019 0.000 0.097 0.000 0.025 

   3.520 2.397   

Total 0.489*** 0.000 1.421*** 0.000 -0.224*** 0.001 

Round 3 

 

 

Endowment Effect Coefficient Effect Interaction Effect 

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error 

Mothers Education .076** 0.033 -.089 0.056 -.083 0.055 

Fathers Education -.010 0.022 .109 0.082 .053 0.042 

Household Size .001 0.007 .091 0.137 -.0004 0.005 

Assets .0001 0.001 .007 0.015 -.001 0.004 

School Cost .006 0.038 .001 0.025 .002 0.048 

Expenditure .010 0.016 .710 0.863 .0255 0.032 

Years .017 0.012 -.008 0.378 -.0004 0.017 

Time Allocation .064** 0.025 -.363*** 0.107 -.076** 0.033 

Gender .036** 0.017 .040 0.066 .0144 0.024 

Age in Months .002 0.004 -1.198 2.814 -.001 0.004 

Body Mass Index -.0001 0.002 .239 0.376 .002 0.005 

Drinking Water .002 0.005 -.418 0.435 -.013 0.015 

Household Quality -.012 0.015 .1767 0.142 .0397 0.033 

Type of School .115*** 0.040 .219** 0.105 -.125** 0.063 

constant   2.259 2.791   

Total .306*** 0.000 1.775*** 0.000 -.17** 0.055 

Note: *** p<.01, ** p<.05, * p<.10 

 

The contributors to E (in round 4 in order of importance) are the English score, years of schooling, 

schooling cost, time allocation and gender of the child (Table 6). For round 3 they were type of school, 

mothers’ education, time allocation and gender. The common factor between round were the time 

allocation on studies (similar influence is found in Kingdon, 1996; Glewwe et al. 2015) and gender 

(marginal contribution). We learn that the influence of mothers’ education and type of school, through E, 

existed only in round 3 and they have withered in round 4. The withering influence of mothers’ education 

indicate that its impact does not operate at all stages of a child’s learning (also found in Parvez and 

Laxminarayana, 2021). The type of school is an important factor in influencing learning outcome as we 
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find in round three results (similar to Desai et al., 2008; Goyal, 2009; Wadhwa, 2009; Chudgar and Quin, 

2011; Wamalwa and Burns, 2012; Singh, 2015). Table 4 also tells that the gap in average F children 

attending private schools and R children attending the same has reduced between the rounds (although 

more proportion of each of them is attending private schools). This is the why type of school does not 

have a contribution to E in round 4 results (Chetty et al. 2014 points out that private schooling effect 

vanishes, though in a different context). Furthermore, as the children have gotten older, years of schooling 

is the single most (after English score) important contributor to E. When the children were younger a gap 

in average years of schooling existed but not as significantly as it does in round 4. Table 4 shows that the 

gap in average years of schooling between the groups has magnified too. Which means that F children 

have, on an average, stayed in schooling longer than the R children. This is precisely the reason we find 

the significant contribution to E (similar influence is also found in Glewwe et al. 2015; Parvez and 

Laxminarayana, 2021). Similarly, the schooling cost gap between these children has magnified (note that 

the composition of this cost is different for each round) between the rounds which now, in round 4 results, 

has a significant role to play. We learn that more spending capacity of F children and further, their ability 

to stay longer in education, compared to R children, during these four years explains their better scores. 

One interesting finding is that the large contribution of the English score in the endowments effect in the 

fourth round results. Those who are good in one are good in the other and former is influencing the gap in 

learning on latter. The mathematics test questionnaire were asked in both English and Telegu (the local 

language) so the results suggest that the knowledge of English catered to the understanding of these 

questions asked at the time of survey. We could not confirm this result for the third round because of lack 

of scores on English test in the third round.6 

Similarly, the contributors to C in round 3 were time allocation and the type of school. The contribution 

of both of these variables has withered between the rounds. Years of schooling is now explaining a large 



172 
 

part of this effect. We must note here that the children in this dataset were almost of the same age and an 

increase in this gap (tripled) is worrisome. This means that a dropout/discontinuation from education is 

happening and more so among R children. Sanjay et al., (2014) points that dropout rates are high in this 

age group. ASER (2017) further reports that the probability of dropping out from education is more for 

the children who hail from the poorer and disadvantaged background. Also, in our dataset the years of 

schooling is obtained from the information on the highest grade completed by a child. Only after a grade 

is finished (even if there a repetition) that that child has been treated as having obtained one additional 

years of schooling. This could also be the case that, if there is a repetition of grade, it is more so for the R 

children. Lastly, a part of C is unexplained at both of these points. 

The negative value of I has a different meaning at these points. The interpretation of E and C is premised 

upon isolation from one another. In order to get a negative value of I,(𝑋̅𝐹 − 𝑋̅𝑅)′(𝛼 − 𝛽), we must have 

to have at least one of the two parts to be negative. The first part, (𝑋̅𝐹 − 𝑋̅𝑅) is positive as we see from 

table 4 where all the average features are better for F children. However, when we look at the detailed 

composition of C (in table 6) the individual returns are better for R children (for type of school and time 

allocation in round 3, and for years of schooling in round 4). The better individual returns of these factors 

for R children results in the negative value of I (through negative[𝛼 − 𝛽]) at both of these points. We must 

also notice that C captures the average returns to all the background features taken together, in isolation 

from E. This is what is captured by I and in our results these negative values at these points is bringing 

down the total contribution of E and C. In sum the total difference is explained by the contributions of 

these three effects together.65 

                                                           
65 For more details on the interpretation and explanation of the negative value of interaction effect see Biewen (2012). 
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5.1.4 Conclusion and Policy Implications 

Using the Young Lives Survey (Older cohort), India, dataset for the third and fourth two rounds, we 

have explored the mathematics learning inequality among Indian children. Approaching these children 

directly from the outcome of interest (mathematics score), we have divided them into better performing 

and rest. We have used the Blinder-Oaxaca decomposition, a counterfactual decomposition methodology 

to study this learning gap. These children have been studied at two points where the gap is 4 years between 

the rounds. The F children have had significantly better average background characteristics at both of 

these points which consistently explains a large part of the learning differences between the groups. 

Moreover, the gap in average returns to those features, in favor of the F children, is also consistently 

explaining the learning inequalities. The Interaction of these two effects is also consistent, though 

proportionately small.  

We learn from this research that the mathematics learning inequality between F and R children is in 

large part because of better endowments to F children. F children are found to be more efficient in putting 

these resources to use as compared to R children. This research finds that when F children were younger 

in round 3, the better endowments (which were significant) included mothers’ education, time allocation, 

type of school. When they were older the corresponding features included school cost, years of schooling, 

time allocation, English score. These better features alongside better returns to them, at both of these 

points, helped shape the better mathematics performance of F children compared to R children (through 

E and C).  

The research attempted to identify factors that shape the learning inequality among Indian children, in 

the context of their background resources. The investigative direction of this research is the exploration 

of the gap in average years of schooling (and time allocation on studies in this context) which has 

magnified during this time since all the children are in the same age group. The number of years a child 
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has been in education has the single biggest positive impact on the mathematics learning outcomes (in 

both the endowments and coefficients effect) in the fourth round results. On the policy front, this research 

has some valuable insights to provide. Bridging the resource gap in the early lives of children should be a 

priority. However, we also learn from that there is an efficiency gap as well (although reducing), meaning, 

bridging this gap is not enough to deal with the issue. The gap in the average years of schooling (and time 

allocation on studies) which has magnified during this time needs to be further explored. The young adults, 

that we research here are discontinuing (given their age) from education or not continuing to higher 

education. Incentivizing staying in education without making the children compromise on the opportunity 

cost staying away from education entails, is one way to go about it. 
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6. Summary, Conclusions, and Policy 

Implications 
 

In this thesis we explored the mathematics learning inequality among a set of Indian children 

who hail from poorer socio-economic background. In the literature on learning, linkages of child learning 

have been established with a lot of background characteristics. The socio-economic aspects, community 

aspects, school level aspects have all been researched in depth to see how the learning of children from 

various background is being shaped. There are researches in the context of India as well where these 

aspects are looked into too. The gap that our thesis fills pertains to the literature on the learning inequality 

among Indian children in general, and from poorer background in particular. Keeping that in mind, the 

thesis has explored the mathematics learning inequality among the Indian children based on three 

benchmarks. The foremost benchmark that we studied in this thesis is the schooling status of the parents 

(both separately) with respect to a bunch of background features of these children. We studied the learning 

inequality on mathematics between the children of schooled and non-schooled parents. Then we looked 

into the mathematics learning inequality between the children of public schools and private schools. Again 

we explore this with respect to a set of background features of these children. Lastly, departing from the 

conventional approaches to exploring learning inequality in children based on background features, we 

approached the children directly from the side of their mathematics learning scores. We divided them into 

groups where who scored 60 percent and above were categorized as better performing and the remaining 

as rest. We then looked into their background features to understand the reasons behind better performance 

of few as against others with respect to a set of background features. 

The introductory chapter of the thesis problematizes the research that we have done in this 

thesis. The chapter detailed the reviews on learning of Indian children from international agencies such as 
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the World Bank. The World Bank study puts the Indian children in the limelight in terms of their learning 

on the international stage. The reports point out how the Indian children perform significantly poorly. The 

Trends in Mathematics and Science Study was used in this study where 46 countries had participated and 

it was found that the score of Indian children was significantly below the international average. Similarly, 

the National Achievement Survey (NAS) and Annual Statistics of Education Report (ASER) both point 

out how different states in India perform at different levels of education. This chapter pointed out how the 

scores of Andhra Pradesh is different on mathematics as compared to the national average. It was observed 

from these reports that the children from this state have performed better on mathematics compared to the 

national average. It is here that we decided to explore the mathematics learning of children from united 

Andhra Pradesh. We used the rich dataset which was collected by the Department of Foreign and 

International Development (DFID), University of Oxford. The longitudinal survey, Young Lives, on the 

Indian children from the states of Andhra Pradesh and Telangana was found to be rich and useful enough 

to be researched in depth on these aspects. The chapter after the problematization of the research gives a 

detailed account of previous research on educational outcome and socio-economic background in general, 

and socio-economic background and learning outcome in particular. We have started by pointing out how 

previous literature has discussed the background characteristics in relation to the educational outcomes 

such as continuation, drop-out etc. in several contexts. We have also pointed out how these literature have 

discussed specific aspects of these characteristics such as parental education, parental involvement, type 

of schooling, social background, social/economic class etc. in relation to the educational outcome of 

children. After this we moved on to pointing those studies that have used the YL dataset to study the 

learning outcomes of children from the four surveyed YL countries, Ethiopia, India, Peru, and Vietnam. 

The studies have looked into several aspects of learning among these countries using the dataset of YL. 

We also charted out the literature where the learning outcome of children from the lower income countries 
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has been looked into. Countries like Indonesia, Philippines, Mexico, and Ecuador etc. have all been a 

matter of discussion in the previous literature on learning outcomes of children. We then discussed the 

children who hail from high income countries where their learning outcomes have been researched in 

relation to the socio-economic background specific to their contexts. These studies have talked about 

children from United States, Australia, Sweden, Germany, Finland, and OECD countries etc. The purpose 

of reviewing literature on different socio-economic contexts was to identify the pattern and dissimilarities 

alike among these studies. As we have categorized our children into two groups based on each benchmark 

characteristics and used the threefold Blinder-Oaxaca decomposition to study their learning gaps, we have 

pointed out several literature where this method has been deployed. After this, we charted out the broad 

objectives of this thesis which we attempted to explore in the following chapters. 

In the next chapter we described the dataset that we have used for the purpose of our research. 

The source of the data along with the sampling methodology was described. We also detailed the 

limitations of the dataset and also the limits of inference that is to be kept in mind while reading the results 

from the upcoming chapters. This chapter also details the variables that we have used in the thesis based 

on the literature and the context of India. We give the descriptive statistics of the dataset as well as the 

preliminary observations from the statistics. Moving on, we give a detailed information on the 

decomposition methodology that we have used in all our main chapters where we derived the methodology 

and explained how the results obtained from this are to be read. 

Like we said earlier that we have explored the mathematics learning inequality among the 

children of united Andhra Pradesh based on three benchmarks, the next three chapters (divided into two 

parts each) explored those. In chapter 3.0 and 3.1 the inequality in mathematics learning between the 

children of schooled and non-schooled parents (individually for each parent) was explored. In chapter 3.0, 

we began by pointing out how the children of schooled parents have significantly better learning compared 
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to the children of non-schooled parents. We also point out here that they have better average background 

characteristics compared to the children of non-schooled parents. The chapter then places the mathematics 

learning inequality in the context of their background differences. The Blinder-Oaxaca decomposition was 

used to break the difference in mean learning between the two groups into various components that explain 

this. The chapter does this for a specific point of time using the fourth round of YLS for the older cohort 

of the Indian children. Similarly, in chapter 3.1, we repeat the same exercise adding third round of YLS 

in the analysis. Successively the results that we obtain from both of the rounds were placed together to 

report the observations and findings. It must be pointed out here that the gap between the two points of 

dataset that we have used is four years. However, the children that have been studied in the thesis are 

same. We report our results from the two point analysis of the mathematics learning difference between 

the children of schooled and non-schooled parents in chapter 3.1. 

In the next chapter, divided again in two parts, 4.0 and 4.1, we explore the mathematics learning 

inequality between the children of private and public schools, the second benchmark for the thesis. In 

chapter 4.0 we begin by pointing out how the children of private schools have better mathematics learning 

score compared to the children of public schools. The chapter also points out how the children of private 

schools have better average background features as well compared to the children of public schools. Using 

again the Blinder-Oaxaca decomposition we study the difference in mean mathematics learning between 

them in the context of their respective backgrounds. We use the round four YLS data for the older cohort 

of Indian children in this chapter. Similarly, in chapter 4.1 we continue from chapter 4.0 where we use the 

third round of YLS as well where the gap between the two rounds is four years, however, the children in 

both the rounds that we study are same. Following the same steps we obtain the back ground differences 

between them alongside their mathematics learning difference and decompose that difference in the 

context of former. The chapter reports the results obtained from the two point study of mathematics 
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learning difference between the children of private and public schools. The chapter also reports the crucial 

observations and findings from the empirical results. 

Departing from the previous two benchmarks, the next chapter uses an unconventional 

approach to categorize the children that we study. In the previous two chapters the children were 

categorized on the basis of their background features (parental schooling status and type of school 

attended). However, in the third benchmark the children were categorized by approaching them directly 

on the basis of marks that they have obtained on mathematics. The children who scored sixty percent and 

above were called better performing and remaining as rest. In chapter 5.0 and 5.1 we explore these groups 

of children. In chapter 5.0, using the fourth round of YLS we see that the better performing children have 

better average background features compared to rest of the children. The chapter then uses the Blinder-

Oaxaca decomposition methodology associate the differences in background to the differences in 

mathematics score obtained. Similarly, in chapter 5.1, we repeat the same effort using the third round of 

YLS for the same set of children and report our findings. The chapter talks about the pattern of influence 

and crucial findings from the two point study of a set of children who were either better performing and 

who could not perform better. 

The thesis charts out some major findings that identify some core factors which need policy 

level as well as research level attention. The summary of results obtained from the thesis on the basis of 

each of the benchmarks (at both of the studied points) have been summarized in Table I. The thesis 

researches eight sub-groups of children at two points which are four years apart. These groups are created 

on the basis of three benchmarks. The first four groups were described on the basis of the schooling status 

of the YL child’s parents (separately for mothers’ and fathers’ schooling status). The second classification 

was done on the basis of the type of school the YL child is attending/last attended. Lastly, on the basis of 

their performance itself on mathematics. The first part of table I details the three effects of the threefold 
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Blinder-Oaxaca decomposition for all of these groups at both of the points. In total there are eight instances 

where the three effects have been obtained in the empirical exercise and they are charted out in this table. 

The detailed description and derivation of these effects is available in chapter 2 and subsequently in 

chapter 3, 4, and 5.
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Table I: Summary of Thesis Results 

 

 

 

  

Three Effects 

Round 3 (2010)-15/16 years old Round 4 (2014)-19/20 years old 
Parental Schooling 

Status Type of School Division (F/R) 
Parental Schooling Status 

Type of School Division (F/R) 

Mother Father Mother Father 

𝐸 = {𝐸(𝑋𝐴) − 𝐸(𝑋𝐵)}′𝛽 N Y Y Y Y Y Y Y 
𝐶 = 𝐸(𝑋𝐵)′(𝛼 − 𝛽) Y N Y Y Y N N Y 

𝐼 = {𝐸(𝑋+) − 𝐸(𝑋0)}′(𝛼 − 𝛽) Y N N Y N N N Y 

Variables R3  R4  

Mothers Education   Y Y     

Fathers Education         

Household Size Y        

Assets         

School Cost  Y Y  Y Y Y Y 

Expenditure YY        

Years Y    Y Y Y YYY 

Time Allocation   Y Y YYY   Y Y 

English Score  Y Y Y Y 

Gender  Y  Y Y Y  Y 

Age in Months         

Body Mass Index         

Drinking Water YY        

Household Quality Y  Y  Y Y Y  

Type of School    YYY     
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The Table I summarizes the results of this thesis. The three benchmarks that were taken up to 

explore the mathematics learning inequalities, were done using the threefold Blinder-Oaxaca 

decomposition. The results to this decomposition gave three effects, namely, Endowments, Coefficient, 

and Interaction. The Table has color coded these effects, green, yellow, and blue respectively. There were 

eight groups that were looked into, four at each point. In each of these groups, the thesis has estimated 

these three effects. To reiterate, the groups were; children of schooled and non-schooled parents 

(separately for mothers’ and fathers’ schooling status), children of public and private schools, and better 

performing and rest of the children. The thesis looks into the same set of children at two points where the 

gap between those points is four years. At the first point the children were 15/16 years of age, whereas on 

the second point they were 19/20 years old. 

As can be seen from the Table that the most frequent significant color is green. Out of eight 

instances/groups that we looked into, this effect came out to be most significant/consistent explainer to 

the mathematics learning difference. The only time/group in which this did not explain the mathematics 

learning difference is between the children of schooled and non-schooled mothers at the first point. The 

endowments effect talks about the differences in the average background features between the two groups 

as the contributor to the learning difference. The second most significant/consistent contributor to the 

learning difference between the groups of children is the coefficient effect which is significant five out of 

eight instances/groups. This effect explains the learning difference in the context of impact/returns to the 

background features between the groups. It could also be interpreted as the efficiency with which the 

resources at disposal are put to use. And interaction effect is the least consistent, three out of eight groups. 

This effect captures the effect of both the previously discussed effects simultaneously. The results also 

identify some of the consistent variables which are core contributors to these three effects, among several 

groups, and at both points. These variables have been shown in the lower part of the table.  
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The first and the foremost finding at one point (round four results) is that the major part of the 

mathematics learning difference between the children of schooled and non-schooled mothers is because 

of the fact that the children of schooled mothers have better resources available to them. On the contrary, 

the children of non-schooled mothers are significantly poorer endowed in terms of the same resources. 

Moreover, the children of schooled mothers have better returns to those resources as compared to the 

children of non-schooled mothers. However, the differences in mathematics learning between the children 

of schooled and non-schooled fathers is entirely because of the resource differences between them. One 

crucial result that we have found is that if the children of non-schooled fathers had had similar average 

features as the children of schooled fathers, they would have performed better than the children of 

schooled fathers. The core factors that explain the learning difference at this point includes the schooling 

cost (spent in the last academic year) difference between the children of schooled and non-schooled 

parents. The results also point out that the children of schooled parents have stayed in education for longer 

number of years compared to the children of non-schooled parents. This difference in the average years 

of schooling received by these children, given they fall in the same age group, is worrying, more so, 

because it is an important contributor to the learning difference between them. Another core contributor 

here is the English language score obtained by these children at the time of fourth round survey. We have 

found a clear connection between better performance on English by the children of schooled parents and 

not so better performance of the children of non-schooled parents. The role of English language needs to 

be further explored. 

While looking at the results of round four and round three together between the children of 

schooled and non-schooled parents, we could identify some consistent factors that have a role in 

determining the learning gap at both the survey points. Moreover, the results also identify the factors 

which have a role to play when they were younger but the effect of which has vanished in round four 
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results and vice-versa. Between the children of schooled and non-schooled mothers in round three results 

we see that the differences in returns to the resources was the core contributor towards the learning 

difference between them. Unlike the results of round four, we see that when the children have gotten older 

it is precisely the differences between the resource endowments that has an impact on the learning 

difference between the children of schooled and non-schooled mothers. However, the differences in the 

resources is consistently determining the learning difference between the children of schooled and non-

schooled fathers at both the survey points. Looking at the core factors that consistently contribute to the 

mathematics learning difference between the children of schooled and non-schooled parents, the results 

identify few variables that have more important role to play at both the ages in the lives of these children. 

The difference in the average schooling cost incurred by the child in the last academic year between the 

children of schooled and non-schooled parents is one core consistent variable that explain the learning 

difference between them among both groups and at both the points. Another core factor that our results 

identify is the sudden significant role played by the years of schooling received by the child at the time of 

fourth round survey. When the children were younger this variable was not the core determinant of the 

mathematics learning gap. However, when the children got older we find that this is one of the most 

important contributor to the learning gap. This result between the children of schooled and non-schooled 

parents is worrying because these children belong to the same age group and increase in the years of 

schooling for a group, and for another not that much, points out towards dropping out. 

Between the children of public and private schools we find that the core determinant of the 

mathematics learning difference is the resource endowments between them. We find from our results that 

if the children of public school were to have similar average features as the children of private school, 

they would have performed better than the children of private schools. The resource difference between 

these children is not only stopping them from performing better but also to perform better than the children 
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of private schools. In the further analysis, the results identify some important variables that work behind 

the type of school a child is in in determining the mathematics learning gap. The most important among 

those variables is time allocation on studies by the child and the schooling cost incurred in the last 

academic year. We learn from descriptive statistics that the children who have studied in the private 

schools have spent a greater amount on schooling in the last academic year compared to the children of 

public schools. This result is worrying as this implies that the children who are able to spend more are 

able to perform better which should not be the case. Also the children from private schools spend greater 

amount of time on studies apart from that in school compared to the children of public schools. This needs 

further exploration as there seems to be a role of certain other activities (financial?) involved in this for 

public school children.  

In the last part of the thesis we have departed from the conventional approach of dividing the 

children into groups on the basis of their background characteristics. We find that the consistent 

explanation to the gap in average learning between them is provided by these gaps in average features. 

Moreover, the gap in average returns to those features, in favor of the F children, is also consistently 

explaining the learning inequalities. The Interaction of these two effects is also consistent, though 

proportionately small. Our results also identify the factors in terms of their proportional contribution to 

these effects at both of these points. The consistent contributor to E are the time allocation to studies 

(similar to Kingdon, 1996 and Glewwe et al. 2015) and gender (marginal and declining contribution). The 

contributors to E which have withered from round 3 to round 4 includes mothers’ education and type of 

school. However, the private schooling effect is significant when the children were younger (Desai et al., 

2008; Goyal, 2009; Wadhwa, 2009; Chudgar and Quin, 2011; Wamalwa and Burns, 2012; Singh, 2015), 

similar to other findings in India. The contributors to C were similar to E for the respective rounds. In 

round 3, private schooling effect and time allocation, just like the contributors to E here, explain the 
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learning gap. However, these effects have vanished for C in round 4 where the sole contributor is years of 

schooling. The factors to keep in mind is that these two variables, mothers’ education level and type of 

school were significant contributor to both E and C. However, as the children have grown four years older, 

these effects no longer influence the learning outcome. This disappearing effect of these variables points 

out that some of the variables have an influence only at a particular age of child. Same is true for the 

contributors to I. One interesting finding is that the large contribution of the English score in the 

endowments effect in the fourth round results. Those who are good in one are good in the other and former 

is influencing the gap in learning on latter. The mathematics test questionnaire were asked in both English 

and Telegu (the local language) so the results suggest that the knowledge of English catered to the 

understanding of these questions asked at the time of survey. We could not confirm this result for the third 

round because of lack of scores on English test in the third round. When the children were younger the 

type of schooling in favor of the private schools contributed to a large part of the learning outcome 

difference (both endowment and coefficient effects). The older age of the child in round four is significant 

in understanding our findings, especially the now significant contribution of years of schooling variable. 

When the children were younger a gap in average years of schooling existed but not as significantly as it 

does in round 4. The average years of schooling has marginally increased for the whole sample of children 

but at the same time the gap has almost tripled during this time. This is because F children, on an average, 

have continued with schooling longer than R children. This increasing gap pulls down the average years 

of schooling for R children. The core reason behind this occurrence is the discontinuation by many of 

these children after round 3. Sanjay et al., (2014) points that dropout rates are high in this age group. 
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Table II: Number of Schools by School Management and School Category (2014-15) 

Telangana 

Andhra Pradesh 

Source: Unified District Information System for Education (UDISE) 

Note: The number of schools specified includes schools that offer various levels/Grade such as (I-V), (I-VIII), (I-XII), (VI-

VIII), and (VIII-XII) 

 

There are several policy implications that come out of this research. The foremost implication 

of the research pertains to the schooling cost variable. As our findings suggest that the most important and 

core contributor to the mathematics learning difference among all the groups of children at both of the 

surveyed points is the schooling cost incurred in the last academic year. From Table II we see that in all 

School Management and School 

Category 

Telangana Andhra Pradesh 

Hyderabad Karimn-

-agar 

Mahboob

-nagar 

Anantapur YSR 

Kadapa 

West 

Godavari 

Srikakulam 

Department of Education 529 105 111 32 19 3 42 

Tribal Welfare Department 1 28 61 7 11 129 247 

Government Aided 168 25 36 30 104 236 23 

Private Unaided (Recognized) 1248 984 824 761 602 713 364 

Central Government 6 3 1 6 1 2 3 

Unrecognized 20 5 12 10 3 12 18 

Madarsa Unrecognized 152 22 38 11 40   

Local Body  2243 3040 3333 2971 2570 2782 

Other Government Managed  17      

School Management and School 

Category 

Adilab

ad 

Kham

mam 

Meda

k 

Nalag

onda 

Nizama

bad 

Rangar

eddy 

Warang

al 

Department of Education 121 52 84 128 131 51 160 

Tribal Welfare Department 940 344 22 28 15 17 230 

Government Aided 19 41 6 59 29 31 75 

Private Unaided (Recognized) 561 401 536 768 579 1725 848 

Central Government 1 2 2 1 1 6 3 

Unrecognized 29 15 18 27 3 30 19 

Madarsa Unrecognized  2 29 21 48 25 32 

Local Body 2346 2086 2332 2476 1641 1814 2279 

Other Government Managed 7 26   22 2  

School Management and School 

Category Chittor 

East 

Godavari 

Guntu

r Krishna Kurnool Nellore Prakasam 

Vishakapa

tnam 

Viziana

gram 

Department of Education 38 7 35 5 88 23 20 140 89 

Tribal Welfare Department 45 427 28 13 33 33 62 692 372 

Government Aided 35 108 269 480 130 99 195 60 69 

Private Unaided (Recognized) 736 1086 500 738 796 528 458 734 371 

Central Government 3 2 3 2 2 3 3 9 3 

Unrecognized 23 73 174 46 2 7 68 11  

Madarsa Unrecognized 6 1 18 6 61 30 16 10  

Local Body 4392 3343 2921 2308 2227 3009 2957 2816 2065 

Other Government Managed   16 1 4 4    
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of the surveyed regions by the Young Lives dataset, the major education provider to these children is the 

private schools (apart from the local body schools). It must be pointed out here that the private schools 

are more expensive alongside providing better quality education. We see that a better spending capacity 

entails better learning outcomes. Policies must be pursued to level this gap in a way to improve the quality 

of education which should be reflected in the learning by these children. It should not be the case that the 

children who could spend better are the only one to perform better. The ability to spend should not be the 

determining factor of learning. The findings suggest that the children of schooled parents (and private 

school children and better performing children) could perform better mainly because they have spent an 

average greater amount on schooling in the last academic year at both of these points. The children of 

non-schooled parents (and public schools and rest of the children) could not spend that much is one reason 

they could not perform better than their respective counterparts. Policies must be pursued to fill this gap 

in spending or at least ensuring that the children receive similar quality of schooling irrespective of 

whether or not they are able to spend a lucrative amount. 

The second important implication pertains to the years of schooling gap. As these children 

belong to the same age group, sudden increase in this gap in just four years is worrying. An exploration 

of this to figure out if there is financial opportunity cost attached to staying in education. If so, financial 

incentives to be provided to children in order to make them stay in education. The investigative direction 

in which our study points out is the further exploration of years of schooling gap in order to provide an 

explanation for widening years of schooling gap given that these children fall in the same age group. 

Moreover, a more nuanced explanation is needed for the English language score and its relationship with 

the mathematics score. This needs to be studied in the context of our results. 

The results in our chapters on the basis of type of schooling point towards both policy as well 

as investigative direction. The foremost policy implication comes from the consistent contribution of the 
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schooling cost to the learning difference between the two groups of children. Attention needs to be paid 

to this as higher paying ability to schooling (towards private schools) entails better schooling facilities. 

This has to be dealt with in terms of providing better facilities in public schools (the cost there is already 

lesser) which should add to the environment of learning. Policies are needed to address this dilapidated 

state of public education system in terms of making and creating a better atmosphere of learning for these 

children. Secondly, the sudden significance of years of schooling gap in explaining the learning gap is 

worrying because the surveyed children are almost of the similar age. The increase in the years of 

schooling gap within four years warrants policy intervention in terms of incentivizing (reiterating what 

we pointed out earlier with respect to providing constant monetary benefit to school going children) 

staying in education. Lastly, the consistent significance of time allocation on studies needs exploratory 

attention as we see that the public school children spend a lesser average amount of time on studies. 

Moreover, this gap has magnified within four years which raises question pertaining to their time 

allocation pattern. Is it that they spend their time various other activities (economic?) because there is an 

opportunity cost attached to staying in education. The time allocation on studies and the years of schooling 

has to be re-looked as they both seem to be connected. 

The results in the last two chapters point again towards further investigative as well as policy 

direction. The investigative direction is the exploration of the gap in the average years of schooling (and 

time allocation on studies in this context) which has magnified during this time since all the children are 

in the same age group. The number of years a child has been in education has the single biggest positive 

impact on the mathematics learning outcomes (in both the endowments and coefficients effect) in the 

fourth round results. The reduction of this gap through policy initiatives is one way to deal with this. 

Incentivizing staying in school without making the children compromise on the financial earns staying 

away from school entails, is one way to go about it. 
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We must also look into the policy implication in light of existing education/school level policies 

of the state/central governments. There are several policies that are in place in both Telangana and Andhra 

Pradesh. In order to reduce the drop outs among the children from these states, few policies are in place 

to tackle the issue. To provide residential arrangements to the school going children (from minority 

communities) of Telangana state. The name of the scheme is Telangana Minorities Residential Junior 

College. The objective of this scheme is to come up with a full residential schools and help develop the 

overall child’s development. The idea is to have at least one residential school in each of the constituency 

of the Telangana state. The scheme falls under the scholarship scheme where fellowship as well as living 

arrangement is to be provided. For minority students, there are other schemes by the state government that 

aim to provide for living arrangements. There are other scheme run by the minority welfare department 

which has two parts where the first part is for the children from the minority communities and the second 

one is for the girl child from the minority communities. Similarly, there are educational policies 

specifically meant for the children from the Scheduled Caste (SC) and Scheduled Tribe (ST) background. 

Scheme from the ministry of social justice and empowerment which are in place to provide fellowships 

to the children who come from these backgrounds. Some of these schemes are meant to provide subsidized 

hostel facility to these students. There is pre matric scholarship for the children with these background too 

which is aimed to provide for fellowships to these children. Along with SC and ST students, this scheme 

also covers the children from Other Backward Classes (OBC). In order to minimize the incidence of 

dropout in these communities the scheme from the department of backward class welfare gives variable 

awards to the children of class 9 and 10. On the same line the same ministry has fellowship meant for the 

same children in the grade range of 11-PhD. The idea is to give them fellowship in the form of 

reimbursement of fees that they pay while they are in the education system. There are various other 

scholarships such as pre matric national scholarship, post matric national scholarship, merit cum means 
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scholarship, and Telangana post matric scholarship. All of these scholarships are meant for the children 

from the minority communities. There is another pre matric scholarship specifically meant for the children 

of those engaged in occupations involving cleaning and are prone to health hazards. Under this scheme, 

the children in the grades between (I-X) receive a monthly amount for 10 months. The amount ranges 

from rupees 225-750 per month depending upon whether the children are day scholars or hostellers 

respectively.  

Similar to the state of Telangana, the state of Andhra Pradesh also has several education related 

policies in place or are to be put in place. Jagananna Vidya Kanuka Kit Scheme which was launched in 

October 2020 is intended to reach 43 lakh beneficiaries. This scheme is meant to provide for school 

uniforms, notebooks, shoes, socks, and school bags. The target students under this scheme includes the 

children who are in the grade between (I-X) in the government schools. There are schemes by the state 

government which are meant to provide career guidance as well. AP career guidance portal for which the 

target audience/students are the secondary and higher secondary students. The scheme was rolled out last 

in the year 2021. This scheme was launched by the department of school education in collaboration with 

the UNICEF. This is aimed to provide access to information on different careers to the students between 

the grades (IX-XII). In order to provide financial assistance to the children who hail from the poorer 

economic background there is another scheme by the state government, namely, AP Jagananna Vasathi 

Deevena Scheme (2020). The aim of this scheme is to help the students who are in IITs/Polytechnic/degree 

pay their hostel and mess charges in the institutions they are in. For the IIT students the scheme provides 

an assistance of 10000/ year. Similarly, they provide 15000 rupees in two equal instalments to the students 

of polytechnic. And to the students of degree, they provide 20000 in two instalments. Similar to this 

scheme there is another scheme, namely, AP Jagananna Vidya Deevena Scheme (2022). The aim is to pay 

the full fee reimbursement for the children from the marginalized background. The SC, ST, OBC, 
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minorities, Kapus, EWS, PD students are eligible to avail the benefits of the scheme. The students who 

are pursuing B.Tech, B.Pharma, M.Tech, M.Pharma, MBA, MCA, B.eD are all eligible to benefit from 

the scheme in the form of receiving the full reimbursement of the fee. On a different line, the Mid-Day 

meal which has now been renamed as, namely, AP Jagananna Gorumudda Scheme is also in place to 

maintain the nutritional standing of school age children. The scheme provides free lunches to the children 

of primary and upper primary grade in the government and government aided schools.  Other schemes 

such as the AP free laptop scheme (2022) for the students above class (IX) and AP pre matric scholarship 

for the children who hail from the poorer socio-economic background, are aimed to provide assistance in 

some form (not regular) to the school going children. On a completely different line, AP Mana Badi Nadu 

Nedu Scheme (2022) which is aimed at developing government schools’ infrastructure for the benefit of 

the children who go to these schools. The target is to construct new anganwadis, renovation of the exiting 

anganwadis. Moreover, revamping of primary, upper primary, high schools, junior colleges etcetera. 

Electrification of schools, construction of toilets, maintaining drinking water supply, and other school 

level repairs are the target of this scheme.  

Browsing through all the education related schemes that are in place in both of these states there 

are several things that are to be pointed out here in the context of our results from this thesis. Foremost 

among these pertains to the schooling cost. As we have seen from Table II that the major education 

provider across the surveyed regions is the private schools. The private schools charge a greater chunk of 

money for education compared to the public school counterparts. There is no scheme by these state 

governments or the central government to improve the condition of the schools, the other providers of 

education. Except for one scheme (AP Mana Nada Nedu Scheme, 2022) which has recently come up in 

the state of Andhra Pradesh there is none to improve the dilapidated state the government schools and 

other providers of education (non-private schools) are in. There has to be an institutionalized mechanism 
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to improve these schools to make the condition of these schools better. The fundamental reason is that, as 

we have found from our research that public school children are lacking behind because they do not have 

better background features compared to the children of private schools. This gap needs to be filled by 

improving drastically the quality of infrastructure of non-private schools. Furthermore, we have seen that 

the children from the poorer background (children of non-schooled parents, children of public schools, 

and rest of the children) they discontinue their schooling early on compared to their respective 

counterparts. We could not locate a scheme by either of the state which incentivize the stay in schooling, 

especially by the children of poorer background. A constant financial support is needed to them to stay in 

education and schemes are needed to target that children for their eventual stay and reaping the benefit in 

terms of learning. We learn from the research that the mathematics learning inequality among the groups 

of children is because of several factors. The inequality in learning between the children of schooled and 

non-schooled parents, between private and public school children, and better performing and rest of the 

children, is in large part because of their respective differences in endowments. The children of schooled 

parents, private schools, and better performing children, could perform better in large part because of their 

respective better background features compared to their counterparts.  

On the policy front, this research has some valuable insights to provide. Bridging the resource gap 

in the early lives of children should be a priority. However, we also learn from that there is an efficiency 

gap as well (although reducing), meaning, bridging this gap is not enough to deal with the issue. The gap 

in the average years of schooling (and time allocation on studies) which has magnified during this time 

needs to be further explored. The young adults, that we research here are discontinuing (given their age) 

from education or not continuing to higher education. Incentivizing staying in education without making 

the children compromise on the opportunity cost staying away from education entails, is one way to go 

about it. 
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Discussions 

This thesis, just like any research, has certain limitations on certain grounds. The foremost 

among those pertains to the dataset of Young Lives Survey. The sampling methodology used for the 

survey was borrowed from the health surveillance studies, sentinel site methodology. This methodology 

for the collection of information on these children was found to be most suitable because of the nature of 

the information required over a period of time i.e. longitudinal. The foremost criteria that was chosen by 

YL was to select the children specifically from the poorer background as they wanted to study the 

changing nature of poverty. Hence the data that they could collect is not strictly statistically representative 

of the population. Moreover, given the nature and objectives of our thesis we lost a lot of information 

from the available dataset which cut the sample size of children we could actually study. In that context, 

the results and inferences drawn from our thesis should be seen in that light. Especially the limits 

pertaining to the generalizability of our results has been affected. 

Elaborating further on the previous point, the information collected in the survey relates mostly 

to the background in which the children are growing/have grown. Indeed, the YL dataset has an elaborate 

number of variables on which information is available to track the changes occurring in the lives of these 

children. However, the school level information is not available in as much detail as it is for other 

background variables. We could not include school level features to capture the effect of those in 

explaining the learning differences between these groups of children. Given this limitation of the data we 

used the schooling cost incurred by these children in the last academic year as a proxy to capture the 

school level heterogeneity. This variable too has issues as the composition of this variable (in terms of 

different costs it captured) was different between the rounds. Hence, we could comment on the role of 

schooling cost in determining the learning gap between the groups of children, however with the 
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disclaimer that this difference in the composition of this cost has to be kept in mind while reading the 

results. 

The methodology that we have deployed in the study of learning difference between certain 

groups of children is indeed a suitable one. However, the Blinder-Oaxaca methodology for decomposition 

of mean difference between groups has been derived from linear regression. An existence of non-linear 

relationship could not be explored in our thesis. The non-linear B-O decomposition is available for use 

but we could not do it in our research. Furthermore, the decomposition that we have done between each 

set of groups has divided them only in two groups for each benchmark feature. Take for example the first 

benchmark feature, parental schooling status. The thesis has divided the children into two groups which 

are children of schooled parents and non-schooled parents. There is no issue in bracketing the children 

non-schooled parents as one as they all have zero year in schooling. However, bracketing the children of 

schooled parents into one has an issue where we treat all the levels of education (say one year or ten years 

of schooling) as the same. The reading of results obtained from this analysis should consider that. As the 

sample size was small, we could not do anything about it and went ahead with classifying them as such. 

Under different circumstances, it would have been interesting to look into the role of background features 

in determining the learning outcome among different classes of children whose parents have varying level 

of schooling years. Similarly, for the third classification of children directly on the basis of their marks 

has similar issue where it would have been interesting to look into the role of background features in 

determining the learning outcome for different classes of performance. On a different line, in the second 

classification, we have only looked into the learning difference between the children of private and public 

schools with respect to background characteristics. As these choices were the most often taken we chose 

to study them leaning children from other schools. This cut our sample size smaller and hence the inference 
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limited. It would have been more holistic to have a look at the learning variations among various choices 

of schooling. However, given our sample size we could not go about with that exercise. 

Another important thing that has to be taken into consideration is the usage of just mathematics 

score as an indicator of learning. A more nuanced, where more subjects like sciences, social science 

etcetera should also have been taken into account. A more holistic understanding of learning in terms of 

subjects must include an all-round educational indicator when making a comment, especially empirical. 

In sum, in further studies on learning outcomes must include a more heterogeneous set of subjects. 

Moreover, the scores on mathematics that were used in this study were designed for each round separately 

using TIMSS and PISA. There were certain similarities in the questions that were asked between the 

rounds but we could not comment on the direction of the learning outcome difference. In order for us to 

do that these tests needed to have been brought to a uniform comparable scale using IRT and CTT. We 

could not comment much on the differences and the direction those differences are taking between the 

rounds where the children have gotten older for precisely the same reason. All of these limitations restrict 

the limit to which these results are to be used for policy implications. The policy implications obtained 

from this research are very specific and cannot be generalized to a great extent because of the issues raised 

above. 
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Abstract
In this study, we research the gap in average mathematics learning between the children of private and public schools at two 
points. We have divided them into two groups on the basis of the type of school they are attending or last attended. We first 
skim through their various background characteristics at these two points. We then explore these background characteristics 
and using the threefold Blinder–Oaxaca decomposition, we find that it is the difference in the average endowments between 
the two which consistently explains the gap in average performance between them. We also find the role of differential impact 
of the background characteristics on the average learning outcome of children on the first point. The most important and 
consistent contributor to the endowment effect is the schooling cost and the time allocation on studies. One striking result 
is the now significant contribution of the gap in average years of schooling which is worrying because these children are 
from the same age group. We conclude that with the average features and returns of the private school children, the gap in 
learning between them would have been removed. Moreover, the public school children would have performed better than 
the private school children.

Keywords  Blinder–Oaxaca decomposition · Endowment effect · Mathematics learning · Public–private schooling · 
Schooling cost

JEL Classification  I20 · I21 · I24 · I25 · I29

Introduction

In India, there is an increasing demand for secondary edu-
cation. Because of its lucrative nature, private schooling 
meets some of this demand. Furthermore, the rapid growth 
of private schooling in India is due to the poor management 
of public schools and in particular, the high absenteeism 
among teachers (Kingdon, 2007). Moreover, this increase 
is affected by the common perception that private schools 
provide better quality education (Wadhwa, 2009). In India, 
enrollment in private schools is associated with children’s 

enhanced learning outcomes, after controlling for back-
ground characteristics (Desai et al., 2008). A plethora of 
literature has captured the quality of education by employing 
children’s learning outcomes as an indicator (Goyal, 2009; 
Kingdon, 1996; Singh, 2015; Singh & Mukherjee, 2019). 
Studies (e.g., Kingdon, 1996; Desai et al., 2008; Goyal, 
2009; Wadhwa, 2009; Chudgar and Quin, 2012; Wamalwa 
and Burns, 2018; Singh, 2015; Singh & Mukherjee, 2019) 
have revealed an association between Indian children attend-
ing private schools and enjoying more enhanced learning 
and achievement scores. While the majority of studies have 
demonstrated a private schooling effect, this effect has not 
been apparent in some studies. Although Goyal and Pan-
dey (2009 revealed a private schooling effect among Indian 
children, their results suggest that the quality of both types 
of schooling were poor. Muralidharan and Sundararaman 
(2015) found no public–private differences in various 
aspects of learning in children from the southern state of 
Andhra Pradesh in India.
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