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Abstract

This thesis examines several topics relating to family background and educational
achievement. Chapter 2 examines the influence of credit constraints and government
policy on college choice and educational attainment in the United States. We pro-
pose a discrete dynamic programming model of human capital accumulation where
agents make schooling, borrowing, saving, and work decisions. Structural parameters
of the model are estimated using from the 1997 cohort of the National Longitudinal
Survey of Youth (NLSY97) and Generalized Method of Moments (GMM). The fit-
ted model underpredicts on a number of key dimensions, but provides a preliminary
framework to explore counterfactual policies. These policy experiments indicate that
college choice and completion are not influenced by changes to tuition levels, interest
rates or grants. We find that the non-pecuniary benefits of attending private schools
plays an important role in individual college choice. Chapters 3 and 4 analyze the
test gap between ethnic minorities and white students in Canada with a focus on
the Indigenous-white test score gap. In Chapter 3, we use data from the National
Longitudinal Survey of Children and Youth to show that after controlling for a rich
set of observables, students who self-identify as Indigenous perform 0.31 standard
deviations lower on a standardized math test compared to their white counterparts.
Counterfactual distributions from the decomposition method of Lemieux (2002) sug-
gest that the test gap between low performing students is more than eliminated after
accounting for the differences in the returns to and levels of observable characteris-
tics; however, a sizeable gap remains among high performing students. Chapter 4
further explores the timing of the emergence of the test gap between Indigenous and
non-Indigenous youth. We find that the test score gap emerges at 12 years of age,
and, despite renewed attention to Indigenous education, the test score gap has not
improved between 1994 and 2009.
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Chapter 1

Introduction

There is a large body of literature documenting the relationship between family back-

ground and educational achievement at the primary, secondary and post-secondary

levels. With past research showing the importance of education on future labour mar-

ket outcomes, understanding how family background influences academic choice and

achievement is critical to understanding future gaps in socioeconomic outcomes. Two

areas of significant policy concern are post-secondary affordability, and increasing ed-

ucational achievement among of historically disadvantaged groups. This thesis seeks

to provide new insight into these two areas by examining the importance of family in-

come on college choice in the United States, and documenting the achievement gap in

standardized mathematics scores between Indigenous and non-Indigenous Canadians.

Since the 1980s the United States has seen large increases in the college wage

premium, but relatively small increases in college completion rates.1 This has accom-

panied rising college costs and a reduction in the ability to finance college through

1(Goldin and Katz, 81) find that the college wage premium has increased from 43% to 81%
between 1980 and 2005. The percentage of the population between 25 and 29 with a bachelor degree
only increased from 26% to 29% over this same period. (Aud and Wilkinson-Flicker, 2013)

1



CHAPTER 1. INTRODUCTION 2

government-sponsored loans.2 This has led to concerns about how family income is

shaping college choice and completion. As a result, there have been a number of

policy proposals by high-profile politicians aimed at increasing college access3, as well

as an increase in the number of schools having need-blind admissions and meet need

policies.4

Chapter 2 studies the extent of credit constraints in determining college choice

along a quality margin. Past research has examined the importance of financial

background on college attendance, but it has largely ignored important heterogeneity

in college quality and costs. We use data from the National Longitudinal Survey of

Youth to explore the importance of financial constraints in determining college choice,

progression and graduation. Initial multinomial logit estimation shows a positive

relationship between family income and college quality, but is ambiguous as to what

drives this relationship.

Two possible explanations to this relationship are that credit constraints are lim-

iting individuals from low incomes from attending high quality institutions, or, there

are unobserved characteristics and preferences that make low income youths less likely

to attend high quality colleges. To better understand the mechanism behind this re-

lationship we present and structurally estimate a model of college choice, attendance

and labour market decisions. The fitted model underpredicts along a number of key

dimensions, but provides an initial framework to perform counterfactual policies. We

2The average real cost of four-year college attendance rose from approximately $8000 to $17000
between 1980 and 2005 (Snyder, 2011). Yearly borrowing limits for dependent individuals has
decreased from $5700 in 1980 to $2,500 in 2009. (Wolanin, 2003) (Wei and Berkner, 2008)

3Examples include “America’s College Promise” by President Obama that would make commu-
nity college free for 2 years, as well as a proposal by Bernie Sanders that would make tuition at
public colleges and universities free.

4https://www.usnews.com/education/best-colleges/paying-for-college/articles/2016-12-01/map-
need-blind-schools-that-report-meeting-full-need
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use counterfactual policy experiments to understand how credit constraints and un-

observed preferences influence college choice. Results indicate that the consumption

value of schooling/non-pecuniary benefits at private institutions, rather than tuition

or loan limits, drives college choice.

Chapter 2 expands the related literature in three key ways: (1) It presents and

estimates a structural model that allows individuals to choose between colleges that

differ in quality in order to shed new light on the relationship between educational

attainment and family background. (2) College progression is modeled through stu-

dents’ accumulative credits, rather than simply years of school. This allows a more

accurate representation of how close students are to graduating in order to explore how

policy experiments influence college completion rates. (3) The model differentiates

between non-school related borrowing and student loans. With outstanding student

loans outpacing credit card debt, policy experiments related to student borrowing

and repayment are of considerable interest to policy makers.

Indigenous Canadians lag behind non-Indigenous Canadians in nearly every indi-

cator of academic achievement. The release of the Royal Commission on Aboriginal

Peoples in 1996, followed by Truth and Reconciliation Commission in 2015 highlighted

how the education system has failed a large number of Indigenous youth and proposed

a number of policy reforms. Understanding the timing and causes of the academic

achievement gap is crucial to designing policies aimed at improving educational out-

comes among Indigenous Canadians.

Chapter 3 examines the mathematics test-score gap between youths of different

ethnic backgrounds in Canada, with a focus on the Indigenous-white test-score gap.

Using data from the National Longitudinal Survey of Children and Youth (NLSCY)
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we find that Indigenous youth score approximately 0.31 standard deviations lower

than their white counterparts. We use a decomposition method proposed by Lemieux

(2002) to understand the role of differences in observable characteristics, as well as

returns to these characteristics in determining the test score gap. This methodology

allows us to construct counterfactual test score distributions for Indigenous students

to illustrate that the test score in the lower tail is more than eliminated once we

account for differences in observables and returns to observables.

There are three main contributions of this chapter: (1) This chapter is the first to

provide estimates of the Indigenous-white test score gap in Canada with a nationally

representative dataset. (2) This essay is also the first to analyze the the test score

gap of other Canadian minority groups. (3) We are the first to apply the Lemieux

(2002) methodology to test score gaps. This analysis suggests that concentrating

solely on factors that influence the mean difference in the test score gap misses im-

portant heterogeneity in how these factors influence different parts of the test score

distribution.

Chapter 4 studies the age at which the Indigenous-white test-score emerges, as

well as whether it has improved over time. Gaining a better understanding of when

the test score gap materializes is of considerable importance for policy makers as

there are potentially different policy solutions if the gap is present as students begin

school or develops as they progress through their schooling. As noted above, the

Royal Commission on Aboriginal Peoples in 1996 stressed the failure of the Canadian

education system to educate Indigenous children and urged the Canadian government

to pursue reforms that would respect Indigenous culture and lead to more equitable

outcomes (Dunleavy, 2007). A lack of improvement in Indigenous test scores between
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1994 and 2009 would be troubling.

Using the National Survey of Children and Youth we show that the test-score

emerges at 12 years old, and is present until the end of the sample when individuals

are 15 years of age. We then separate the sample into a younger and older cohort, and

use an Oaxaca-Blinder decomposition to understand the importance of differences

in levels and returns to the test score gap. We find that differences in returns to

covariates, most notably school type, are driving the majority of the test score gap.

We then create counterfactual distributions using the Lemieux (2002) methodology

and find that the test score gap is eliminated for the left tail of the distribution once

differences in returns and levels are accounted for. However, a large gap still remains

in the right tail of the distribution. Finally, we find that despite a renewed focus

on Indigenous education there has been no improvement in the Indigenous-white test

score gap between 1994 and 2009. There are two main contributions of this paper. (1)

It is our understanding that this is the first paper to track the Indigenous-white test

score gap as students age using a nationally representative sample. (2) We document

the evolution of the test score gap over time to understand whether an increased focus

on Indigenous issues has been successful in improving academic achievement.

This thesis is comprised of five chapters. Chapter 2 studies the importance of

credit constraints in college choice in the United States. Chapter 3 examines the

mathematics test score between Indigenous and non-Indigenous youth in Canada.

Chapter 4 further explores the timing and explanations behind the emergence of the

test gap. Chapter 5 concludes.



Chapter 2

College Choice, Credit Constraints

and Educational Attainment

2.1 Introduction

A substantial literature has examined the positive association between family income

and college attendance, and in particular the role of credit constraints in shaping ed-

ucational decisions.1 However, the literature has largely ignored the heterogeneity in

college quality, and the positive correlation between family income and college qual-

ity. Two possible explanations for this relationship are that youth from families with

higher income have unobserved characteristics and preferences that make them more

likely to attend high quality institutions, and that borrowing constraints influence

college quality.

The presence of credit constraints on college quality would mean that by ignoring

the quality margin, the extent of borrowing constraints has been underestimated.

1see Lochner and Naranjo (2011)

6
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Furthermore, youth from low income families will most likely be affected by credit

constraints as university tuition is higher for higher quality institutions. With evi-

dence that college quality has important impacts on future earnings, understanding

the role of credit constraints in shaping college choice will improve our understanding

of the intergenerational persistence of earnings.2 There are also significant implica-

tions for educational policy. In particular, those who are constrained along the quality

margin are likely different than individuals constrained on the attendance margin.

In this paper we develop a dynamic model of college choice, college attendance,

work, and savings decisions to examine the importance of borrowing constraints on

college choice and educational attainment. The model is estimated using longitudinal

data on American youth from the main sample of 1997 wave of National Longitudinal

Survey of Youth (NLSY97). The current model struggles to fit the data along a

number of key dimensions, including college choice and college graduation. However,

this paper provides a preliminary analysis into the importance of credit constraints

and non-pecuniary factors on college choice and graduation.

To this end, we use the estimated model to explore policy experiments related to

borrowing limits, tuition levels and equating non-pecuniary benefits amongst post-

secondary institutions. There appears to be little evidence of credit constraints influ-

encing college choice with the current estimated parameters. Increasing government

loans, reducing tuition at public schools to 0, and changing the interest rate on stu-

dents loans to 0 produce negligible changes in college choice or progression. However,

using a policy experiment that equates consumption value of schooling amongst all

2Dale and Krueger (2002) find that the effect of college quality is heterogeneous. In particular,
those from low-income families see a greater benefit in attending high quality colleges than their
high-income counterparts. Black and Smith (2004) use the 1979 wave of the NLSY and their results
indicate that standard estimates may understate the effects of college quality on labour market
outcomes.
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institutions we show that attendance of private schools is driven by the non-pecuniary

benefits of those institutions.

Our life-cycle model of schooling, work and savings decisions is based on the dy-

namic model of Keane and Wolpin (2001). High-school graduates can choose to attend

one of four types of colleges (elite private, elite public, private, and public) that differ

with respect to both quality and tuition levels. Agents can borrow to finance their

education and academic progression and graduation is modeled through accumula-

tion of college credits. Following Keane and Wolpin, agents accumulate unobserved

human capital through college attendance and labour market participation, and earn

wages based on this human capital.

The model framework allows both credit constraints and unobserved preferences

to explain the positive relationship between family income and college quality. It in-

corporates available college financing in the form of government student loans, grants,

parental transfers, as well as labour market income. To account for heterogeneity in

youth, we allow individuals to enter the model with differences in ability and parental

income. There are a number of mechanisms in which credit constraints may influence

behaviour. Constrained individuals may: (1) forgo college completely, (2) attend a

college of lower quality or tuition, (3) drop out before completing their desired level

of schooling, or (4) alter consumption and employment while enrolled in college.

There is a large empirical literature focusing on the role of credit constraints in-

fluencing decisions related to individual capital accumulation. Lochner and Naranjo

(2011) provide a comprehensive overview of the credit constraint literature that spans



CHAPTER 2. COLLEGE CHOICE 9

direct, reduced form, and structural methods in identifying credit constrained individ-

uals and the impact of these credit constraints on education decisions. They summa-

rize the evidence as indicating that college constraints have played a more important

role in recent years and that borrowing constraints influence both employment and

consumption levels during college. They also note that there is some evidence that

credit constraints influence quality of college attended. Keane and Wolpin (2001) esti-

mate a life-cycle model of schooling, work and borrowing decisions using the 1979 wave

of the NLSY. They find that that parental transfers and labour force participation

are important in allowing individuals to attend college. Keane and Wolpin conclude

that while borrowing limits may be tight, increasing available credit impacts work

decisions and consumption during school, rather than school attendance. Cameron

and Taber (2004) propose a life-cycle model of schooling decisions to test whether

alternative schooling options have differing discount rates. They find discount rates

are consistent with optimal schooling decisions. Johnson (2013) estimates a discrete

choice model of schooling decisions using the NLSY97 wave, and focuses on delayed

entry and credit constraints. In an extension of Keane and Wolpin, he allows agents

to attend either 2 or 4-year colleges. He finds that tuition subsidies significantly im-

pact credit constraints, but that loosening borrowing limits has only a small impact

on college completion.

Fu (2014) structurally estimates an equilibrium model of the college market. She

aggregates colleges into four groups (elite private, elite public, private, and public)

and models application, admission and enrollment behaviour of students and colleges.

Results indicate significant heterogeneity in preference for college, and that tuition

and college capacity does not impede college options. Kinsler and Pavan (2011)
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examine the relationship between college quality and family income in both the 1979

and 1997 waves of the NLSY. They find that the impact of family income on college

quality is significant in both waves, but that impact of family income on college

quality has weakened.

The model in this paper expands the existing literature in a number of ways:

(1) the college attendance decision is more complex, allowing individuals to choose

between colleges that are heterogeneous in quality. Aggregating colleges by quality

provides new insights into how credit constraints influence college choice and edu-

cational attainment. (2) Progression through college is measured by the number of

credits earned, rather than years of schooling.3 This provides a more accurate mea-

sure of how many individuals are close to the margin in terms of graduation, and

allows the model to pick up important differences in credits earned and graduation

rates between colleges. (3) School related loan repayments are modeled separately

from other sources of borrowing saving. With current estimates that outstanding

college loans are over $1 trillion and 11.5% of loans are 90+ days delinquent or in

default, policies relating to student debt are of considerable policy interest.4 (4) This

paper abstracts from college behaviour, but provides a life-cycle framework to under-

stand the importance of how college quality preferences, returns to quality, and credit

constraints influence college choice.

The remainder of this paper is structured as follows. Section 2 provides an

overview of the complete model and outlines the model solution. The data used

in the analysis is fully detailed in Section 3. The estimation strategy and preliminary

3Eckstein and Wolpin (1999) use a credit accumulation model to examine why youths drop out
of high school.

4Quarterly Report on Household Debt and Credit, New York Federal Reserve, http :
//www.newyorkfed.org/householdcredit/2013−Q4/HHDC2013Q4.pdf
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results are presented in section 4. Section 5 provides concluding remarks.

2.2 The Model

2.2.1 Model Overview

Individual behaviour is modeled as the solution to a discrete dynamic program:

V (α; θ) = max
α∈A(θ)

U(α, θ) + να + δEV (θ′).

U() is the utility of the action α given state θ up to the value of να, which is an

extreme value shock for each action so that choice probabilities are smoothed by

a logistic kernel. The individual’s discount factor is δ. The DP problem depends

on fixed demographic characteristics and a fixed unobserved ability term as well as

estimated parameter values. These dependencies are not described while discussing

choices and states.

The vector of discrete choices α has 6 dimensions:

α =



q College Quality

w Work

a Attend

b Borrow

m Miss Payment

s Save
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Note however, that at all states there are feasibility restrictions placed on α to

reduce the size of the problem and to focus on key aspects of college choice and

careers. The feasible set of choices is denoted A(θ).

2.2.2 Choice Variables

The first choice variable is q and is the quality category of the college. We do not model

applications and acceptances to individual schools which would involve restrictions

of choices that are individual.5 The choice q can take on 5 values: None (0), Public

(1), Elite Public (2), Private (3), Elite Private (4). The choice is made once at t = 0

based on the infinite value of a permanent commitment to that q. That is each student

selects a school quality choice first and then over the next years decides whether to

attend or not. The reason is that the amount of transitions from one quality category

to another is small. Further, junior or community college is treated as Public, so a

student who starts at a junior college and then transfers to a public university would

be included in a single quality category. No other variables in α are chosen at t = 0.

School quality affects tuition, intrinsic utility of attendance and the rate at which

earned credits translate into post-school skill.

The choice variable w is the amount of time to work. It takes on the values of

not to work(0), part-time (0.5), and full-time (1). Individuals make this choice each

period after t = 0. They also receive a discrete IID wage offer shock ε which enters

their wage along with other state variables. Working while attending school affects

the probability of earning a credit (and thus indirectly skill levels upon transiting out

5See Fu (2014) for a structural estimation of application and admission decisions using the College
Choice Wave of the NLSY97. This data tracks colleges that are applied to, are accepted by, and
attended for individual’s born in 1983 and 1984.
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of the schooling phase). In the post-schooling phase work affects the accumulation of

skills through learning-by-doing.

The next choice, a, is whether to attend school in year t. This is a binary choice

to attend (1) or not (0). Credits accumulate (stochastically) based on attendance.

Attendance also has intrinsic utility, affects parental transfers of income and allows

the student to borrow money for schooling. If not attending two years in a row the

person exits the schooling phase permanently and enters the adult labour market.

This restriction reflects the pattern that very few people are observed to return to

school after prolonged absences. The model could impose a cost of returning to school

(as in Keane and Wolpin 1997) but making two years of absence a permanent exit

from schooling allows the model to control the size of the state and action spaces.

That is, state variables to track school progress can be ‘forgotten’ at this exit and

variables to track labour market careers can begin to vary.

The choice variable b is the amount to borrow for schooling. Borrowing is allowed

only when a = 1, and in that case the feasible values are 0, 1, 2. These translate into

dollar amounts, B = 5000(b/2). The amount borrowed is added to total loans to pay

back once the schooling phase ends.

The first four elements of α are all active during the schooling phase. Once the

student leaves school permanently the last two variables become active and only the

work choice w stays active. The choice m is whether to miss (1) a payment on school

loans or not (0). If the person did not borrow then this is not a choice. And at one

level this is not an ordinary choice. If the person has enough income to make the

payment they will do so. If not then they do not and go into default. To enforce

this, the utility of not missing the payment is set to −∞ if full payment cannot be
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made. The post-schooling phase begins in the loan repayment phase if the person

borrowed money during the schooling phase. How payments are determined and the

implications of default are discussed below.

The final choice variable, s, is savings which is only allowed after schooling is

finished. Savings can take on three discrete values, 0 to 2, with corresponding dollar

amounts (up to net income), S = 15000(s/2).

Overall the dimension of the possible choices is 5 × 3 × 2 × 3 × 2 × 3 = 540.

However, the dimension of feasible choices is never close to that large. In most

periods the person has 3 × 2 × 3 = 18 choice vectors to choose among (either work,

attend and borrow OR work, miss payment and save).

2.2.3 State Space

The individual’s state denoted θ has 10 time-varying dimensions. The symbols and

descriptive labels are:
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θ =



t Time

p Phase

q̆ Quality

C Credits

D Degree

ă Attended

K Skill

l Total Loans

m̆ Missed Payment

s̆ Savings


Variables marked by˘are completely determined by a choice variable made in the

past with the corresponding letter. In the case of college quality (q) and missing a

loan payment (m) the choice is once-and-for-all. In the case of attendance (a) and

savings (s) it is the previous period’s choice.

The first state variable is the age or time period of the problem, t = 0, 1, . . . , 14.

Time is related to, but does not directly determine, the second variable, phase of deci-

sion making, p. There are four possible phases: p = (CollegeChoice, Schooling, Post−

Schooling, Stationary). Figure 2.1 below provides a flow chart of the four phases of

the model.

The first period t = 0 corresponds to the first phase, College Choice. If the person

chooses no college (q = 0) then the phase moves directly to Post-Payment. This

feature of the model is why some individuals may forego the option value of selecting
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a school quality category. They can “grow up” immediately in period t = 1. On the

other hand, if they choose q > 0 they do not grow up until they do not attend for

two years, so t = 3.

For those who choose a college type they begin the schooling phase. This phase

lasts for up to 8 years as long as they continue to attend at least every other year.

After schooling ends the person moves to the loan repayment if they borrowed money

for schools. This period ends after 10 years. After loan payment ends a finite post-

payment period begins. This period is a basic work, save, and consume period with

the additional effect that work builds skills through learning-by-doing. Once this

period ends a stationary phase begins and skill is fixed.

There are up to 8 years of school attendance followed by 10 years of time in the

regular labour market including loan repayment. Then period T = 20 is stationary,

in the sense that t′ = 20 for ever. In this stationary phase the person works and saves.

Skill level (K), degree status (D), and loan default status (q̆) are fixed. Default status

determines the interest rate paid on savings. Since the model allows for borrowing

only during schooling it is not possible to model a higher borrowing cost if in default.

Instead the long-term credit penalty for default is a lower rate on savings.

The third state variable is q̆, the college quality type chosen at t = 0. College

quality is fixed during schooling and determines tuition and how credits translate

into skills once past schooling. Further, q̆ affects the intrinsic utility of attendance.

C are credits accumulated so far towards a degree. Credits increase probabilistically

if attending depending on working and ability.

D is a binary indicator for whether a degree has been earned, which is associated

with 4 credits. Degree status is tracked separately from credits so that a “sheepskin
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effect” can be included in the wage equation. The other levels of credits are ‘forgotten’

after schooling ends. The variable ă is previous attendance and is tracked so that

schooling ends the next period if a = ă = 0. That is, the schooling phase ends if

individuals do not attend for two straight period. School loans repayment only begins

when the schooling phase ends.

When schooling ends credits and innate ability are converted to labour market

skill, K. K takes on 12 values, 0, . . . , 11. Innate ability and college credits combine

to determine initial labour market skill after schooling. Work then also affects a

probabilistic accumulation of additional skill via learning-by-doing.

Total school loans L are (approximately) the sum of yearly borrowing. It is

approximate because L is discrete taking on 3 values, 0 to 2 that correspond to

L = 30000 ∗ (l/2). The maximum lifetime borrowing under subsidized student loans

is $23,000. If the person borrows more than this they pay a higher interest rate on

the excess but otherwise the payback mechanism is the same. Because both per-year

borrowing and total loans are discrete the mapping to next period’s loan l′ is not

deterministic. That is, l′ will take on two values next period with probabilities that

smooth out the values. This state variable includes the feature that interest is not

charged on student loans until school is left permanently.6 At this point a yearly

payment is computed based on total loans (see below). The value of L remains fixed

until loan-repayment ends. Once the payment period ends the value of L is forgotten.

Only default status is remembered, again reducing the size of the state space.

Default status entering the period is m̆. When loan payment begins m̆ = 0, and

as long as the full loan payment can be made it remains at 0. If in any year the

full payment cannot be made then m = 1 and the state variable changes to m̆ = 1

6This assumption is akin to assuming that all loans are subsidized.
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permanently. The final state variable s̆ is the value of s chosen in the period below.

Details about state variables and transitions are discussed after discussing com-

ponents of utility that depend on actions and states.

2.2.4 Wages, Earnings and Expenses

Earnings are simply:

Earn = wWeσε

where w is the trivariate choice of not working, part-time, or full-time. Weσε equals

full-time equivalent annual earnings and takes a standard log-linear form. The iid

shock ε is a discretized standard normal variable, and σ is an estimated parameter.

How W depends on the current state and estimated parameters is given later.

Consumption while in the schooling phase depends on earnings, transfers and

school related net expenditure. In particular, during the schooling phase:

Consumption = Earn + a

[
Grant− Tuition(q) +B(b)

]
+ Transfer(a).

Grant denotes government student grants received. Tuition is tuition paid at school

quality q and Transfer are parental transfers which will depend on age and attendance.

B is the dollar value of student loan borrowing defined above.

Consumption after schooling depends on loan repayment savings and earnings.

Loan repayment in turn depends on total school loans accumulated, the effective

interest rate on them and loan-default status. First there is a lifetime cap of L̄ =

$23, 000 on subsidized loans. If more than that is borrowed the interest increases from

r0 to a market rate r1. The amortization factor for the two loan types is given by:
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hi = ri/(1− (1 + ri)
−Tl for i ∈ {0, 1}. The re-payment period Tl = 10 years. Payment

due during this time, M(m̆) depends on being current (m̆ = 0) or in default (m̆ = 1).

M(0) = h0min(L, L̄) + (h1 − h0) max(0, L− L̄)

M(1) = 1.1M(0)

This schedule accounts for the loan subsidies and market borrowing as well as a 10%

penalty for being in default. M() are scheduled payments. Actual payments depend

on whether the person is able to make the payment or not. To determine whether

the individuals is able to make a payment, we first define gross consumption before

loan repayment as earnings plus savings and interest from last period:

GrossConsumption(m̆) = Earn + (1 + rm̆)s̆.

The interest rate is lower if the person is not in default, otherwise they face a

higher interest rate. Next, the maximum amount the person can pay is 90% of gross

consumption. So if the person is not in default:

Payment(0) = min (M(0), 0.9×GrossConsumption) .

If the person cannot make full payment or if already in default then m = 1:

m ≡ (PaymentM(0))

So in the period of first missed payment the person is forced to pay 90% of gross
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consumption and enter default from then on. If already in default then payment is:

Payment(1) = min (M(1), 0.5× Earn) .

That is, they incur the penalty on total loans and their earnings can be garnished

at the rate of 50%. Thus actual consumption depends on default status entering the

year and the amount they can or must pay this year minus savings made for the

following year:

Consumption(m̆) = GrossConsumption(m̆)− Payment(m̆)− s.

Missing a payment then is remembered by the fact that m̆ = 1 from then on.

Once the loan period is over consumption payments are zero and consumption

equals gross consumption minus savings. However, gross consumption still “remem-

bers” default status through a lower interest rate on savings so the penalty for default

carries on after payments end.

In the schooling phase Utility is modeled as a linear function of consumption and

the intrinsic utility of school attendance and work:

Uschool = u0 + u1c+ γqAttendance + γpParttime + γfFulltime

During the working phase of the model utility is then a standard CRRA function

of consumption and (dis)utility of work:

Uwork =
max{Consumption , Floor }ρ

ρ
+ γpParttime + γfFulltime
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The estimated parameter ρ is constrained to be less than -1.7

2.2.5 Estimated Parameters and Model Specification

Several aspects of the model depend on estimated parameters through the exponential

and logistic transformations:

exp(x) ≡ ex

Logit(x) ≡ exp(x)
1+exp(x)

College credits are modeled as a stochastic function of attendance, ability, school

type, and work during school:

Prob (C ′ = C + 1) = Logit (θ0 + θq(A× q) + θpParttime + θfFulltime) .

For simplicity earning four years of credit is associated with having a degree: D =

I{Credits ≥ 4}.

Recall that K is current labour market skill. It depends on ability A, credits C,

college quality q and work history after leaving school. Initial skill upon starting

the post-schooling phase is randomly distributed with support on [0, 1, . . . , C] and C

are college credits (years) earned. That is, attendance does not automatically imply

credits and credits do not automatically translate into skills. Instead, as the person

7Appendix A provides a more detailed explanation of the link between the utility functions.
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leaves the schooling phase the distribution of skills next year is

Prob(K ′ = i) =
exp(φyqi)∑C
n=0 φ

y
qn

Credits shift the distribution of initial skill to the right (and the support). Greater φyq

means that the same number credits from that college category translate into greater

expected skills than a category with lower φyq .

Work during school does not contribute to skill. Jobs held during this phase are

assumed not to include any human capital investment. However, once the person has

left school permanently jobs do impart skill through learning-by-doing. One more

unit of skill is acquired next year with probability

Prob (K ′ = K + 1) = Logit
(
φo0 + φoaA+ φopParttime+ φofFulltime

)
.

Recall that full-time equivalent wages equal Wexp(σε). The form of the condition-

ally non-stochastic component of wages, W , depends on whether the person is in the

schooling phase or not, reflecting again the assumption that students work in a differ-

ent labour market than those who have completed their education. In the schooling

phase

W = exp (β0 + βaA+ βqDq) .

Individual initial ability enters wages as does a school-type specific sheepskin

effect. The returns to a degree are allowed to vary by school type. This allows for

higher wages for degree holders during the two year period in which they are not

attending but have not completely left the schooling phase.

Once a person is in the post-schooling phase log full-time equivalent earnings are
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determined by

W = exp
(
β0 + βaA+ βqDq + βkK + βk2K

2
)
.

A and D still enter, but now labour market skill K does as well in a standard quadratic

form.

Students forecast how their choices and realized outcomes affect transfers from

parents and the government. Although in reality grants from the government depend

on a number of factors, in the model they simply depend on parent income:

Grant = exp (τ g0 + τ gi PI)

(Grants can be received only if the person attends school in the year.)

Transfers from parents take the form

Transfer(a) = exp
(
τT0 + τTa A− τTt t+ τTa a+ τTi PI

)
This form allows transfers from parents to drop with age and to depend on attendance

and ability along with parental income. As discussed below, mean of ability is allowed

to vary with parental income the coefficient τTi is only a partial effect conditional on

ability.

Finally the discount factor (δ) is fixed at .97.
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2.2.6 Distribution of Ability

Ability A is a discretized normal random variable treated as permanent and unob-

served (a random effect). The mean of the distribution is allowed to depend on ob-

servable characteristics of the student at the time of the initial college quality choice.

In particular, the mean of ability is specified as

µ = µAAFQT + µIPI + µxAFQT × PI

AFQT and PI are both binary8, so there are four possible combinations. This spec-

ification allows for 3 free conditional means and one mean, for AFQT=PI=0, to be

zero.

2.3 Data and Moments Matched

This section provides an overview and summary statistics of the data used in the

estimation of this model. Individual level data is provided by the Geocode version

of the 1997 cohort of the National Longitudinal Survey of Youth (NLSY97). The

NLSY97 dataset contains a sample of 8984 individuals who were 12-16 years old

as of December 31, 1996. Information supplied by individuals and their parents

from the initial 1997 interview up to and including 2010 is used in the sample. The

NLSY97 contains comprehensive information on individual employment and schooling

histories as well as family background. The sample used in estimation is composed

of black, non-Hispanic white, and Hispanic males from the representative sample of

8We classify AFQT as 1 if an individuals AFQT score is in the top quartile, 0 otherwise while
we classify parental income (PI) as 1 if if parental income is in the top tercile, 0 otherwise.
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the NLSY97. We drop individuals who did not receive their high school degree, as

high-school graduation is not modelled. We exclude other individuals we believe are

not in the same position when applying to college - those who completed their GED

as well as those who served in the military.

The geocode version of the NLSY97 dataset also allows us to identify which college

individuals attend. Follwing Fu (2014) colleges are aggregated into into four distinct

types: Elite Private, Elite Public, Private and Public. We use the US News Rankings

of the best US colleges to place students into one of these four groups.9 Students are

categorized as attending an elite college if they attend a college whose average rank

between 2003-2007 was in the top 25.

Results from the allocation among college types at the age of 18 are outlined in

Table 2.1. Only a small portion of the total sample are predicted to be attending elite

private (2.64%) and elite public (10.39%) institutions. The majority of the sample

report enrolling in non-elite institutions, with over four-times as many in the public

non-elite than private non-elite. Approximately 17.5% of the sample do not enroll in

a college of any type.

2.3.1 Educational Data

This model uses a number of variables contained in the main 1997 NLSY data set

including credits earned, degree status, grants received, college loans outstanding

and college sector. Semester start dates are used to form yearly attendance, tuition,

credits earned and total amount borrowed. We use semester start dates to form yearly

attendance, tuition, credits, and borrowing amounts. Individuals who enrol in college

9https://www.usnews.com/best-colleges



CHAPTER 2. COLLEGE CHOICE 26

more than two months for that year are defined as attending. Table 2.2 outlines

college attendance by age for the sample. Over 65% of the sample report attending

college at age 18, and this rate declines to 5.5% by the age of 29. As the model allows

individuals to attend college for 8 years, it is important to note that nearly 90% of

the sample do not attend school by the age of 26. College attendance by age and

college type is summarized in Table 2.3. Consistent with the overall enrolment rate,

college attendance is declining in age for each college type with a large attendance

drop off between the ages 22 and 23. The majority of those who attend elite private

and public schools enrol at 18, and complete their schooling by the age of 23.

College loans and grants are constructed using responses to questions on amounts

owed on government educational loans and total scholarships received for each term.

As seen in Table 2.2, average outstanding college loans rises from just over $4,000 at

age 18 to nearly $7,000 at age 29.10 Average grants received by students is relatively

constant over the sample, with small declines after the age of 24. Students who attend

private elite colleges are the least likely to have student loan debt. These students also

receive on average considerably less in grants than those enrolled in non-elite private

colleges. This could be partially driven by the fact that over 50% of those enrolled

in elite private institutions in our sample have family income in the top tercile of the

distribution. These students would be least likely to receive any need-based aid.

The NLSY collects information on the fraction of credits a student attempted and

passed towards both associates and bachelor’s degree as well as degree status. The

fraction of credits earned towards a bachelors degree are converted to credit totals

between 0 and 4.11 Credits earned towards an associates degree are not counted

10This is substantially lower than the average student loan debt seen in the United States. In
2005, the national average total student debt level for all ages was $18,600, College Board (2014).

11Partial credits are rounded to the nearest integer.
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as associate degree status is not modeled. The average number of credits increases

significantly over the first four years of college eligibility. This increase coincides with

large increases in the number of individuals with a bachelors degree between the ages

of 21 and 23. After the age of 22 the mean number of credits and percentage with a

bachelor’s degree slowly rise, consistent with the smaller fraction of the sample being

enrolled. Table 2.4 shows a significantly higher percentage of those who enrol in elite

institutions earn a bachelor’s degree.12

2.3.2 Background Variables

The NLSY97 provides numerous variables relating to family background including

family income and race. Table 2.4 displays the distribution of family income terciles,

race and ability quartiles by college type. At elite private institutions the majority

of attendees have parents in the top terciles of family income. Approximately 50% of

individuals that do not attend any college report family income and wealth being in

the bottom tercile of the sample.

The NLSY97 also contains information on the Armed Services Vocational Ap-

titude Battery (ASVAB). The ASVAB is comprised of 12 separate tests, but the

ASVAB variable in the NLSY97 is comprised of verbal/math scores which is meant

to mimic the Armed Forces Qualifying Test (AFQT) used here as a proxy for abil-

ity.13 ASVAB scores are converted into quartiles for this analysis. Table 2.4 shows

the average ability percentile at each college type.

In the sample, those enrolled in elite private institutions have the highest median

12This reflects aggregate data which shows graduation rates vary substantially along quality. For
the 2004 cohort, six-year graduation rates vary from 28.8% at colleges with open admissions to
87.2% for colleges that accept less than 25% of their applicants, IPEDS (2013).

13For a complete list of the tests see: http://www.bls.gov/nls/handbook/2005/nlshc2.pdf
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ASVAB percentile (75%), followed by elite public (69.3%). Those enrolled at non-

elite public and private institutions have percentiles significantly lower than their elite

counterparts. Individuals who do not attend a college of any type have an average

ASVAB percentile that is over 25 percentage points lower than those attending non-

elite institutions.

There are significant differences in educational outcomes across parental income

terciles. By the age of 26 individuals from the highest tercile of family income have

on average 11.2 credits, those from the middle tercile average 8.4 credits, while those

from the lowest tercile have 5.9 credits, leading to significant differences in graduation

rates. Nearly 50% of agents in the top third of family income have completed their

degree. This is substantially higher than the 34% of youth from the middle tercile

and 22% from the lower tercile that report having earned a degree.

2.3.3 Labour Market Experience

Labour market variables included in the NLSY97 include hours worked, wages and

assets. Employment intensity is calculated by totaling the number of hours worked

between September and August, and dividing by the number of weeks in the period.

To correspond to the model, those who work on average less than 10 hours a week are

assumed to not work during that year, those who work between 10 and 30 hours a

week are labeled as part-time workers, and individuals who work more than 30 hours

a week are said to work full-time.

Individuals appear to shift from part-time to full-time work over the sample period.

It is clear from Table 2.5 that a significant proportion of those enrolled at school report

working. At least 70% of those attending college work on at least a part-time time
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basis from the ages of 18 to 25. The proportion of the sample attending college who

also work full-time increases from just over 20% at age 18 to nearly 60% at age 28.14

Table 2.6 displays labour market statistics by college type. Those who enrol in

elite institutions are slightly more likely to be working part-time while enrolled, but

significantly less likely to work full time while attending school.15 Given these patterns

in work intensity, it is not surprising that those attending elite institutions make less

than their peers at non-elite colleges. However, by the age of 26 those attending elite

private institutions make significantly more than others, with private and elite public

students making approximately the same amount. Those who do not attend college

experience relatively higher earnings than those attending college at ages 18 and 20,

but earn significantly less than college-goers by age 29.

2.4 Estimation

Multinomial Results

As an initial step to understanding the relationship between family income and college

choice in the model, we perform a reduced form analysis where colleges are divided

into elite (combined private and public elite from above), non-elite public, non-elite

private and non elite public college. Table 2.7 reports coefficients from a multinomial

logit model where agents choose between these three college types. In this analysis of

the effect of family income on college choice, we control for four quartiles of ability,

14This could be partly driven by a larger proportion of students attending college part-time.
Johnson (2013) finds that those who enrol part-time are more likely to work full-time while in
school.

15It is important to not that we do not directly model part-time enrolment, and those enrolled at
non-elite institutions are more likely to be enrolled part-time.
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gender, race, urban and number of siblings as well as using a heteroskedastic-robust

estimator for the variance. The results in Table 2.7 indicate that both ability and

family income have a significant effect on college choice.

To help interpret these results, as well as understand how the effect of family

income on attendance varies over the distribution of ability, predicted probabilities

are provided in Table 2.8. The first column indicates the probability of attending an

elite college conditional on family income being in the first quartile and the second

column conditions on family income being the fourth quartile. For individuals in the

lowest ability quartile, the probability of attending an elite college changes from 1% to

1.6% as family income changes from the first to the fourth quartile. For respondents in

the highest ability quartile, the probability of attending an elite college approximately

doubles from 6.1% for individuals from the lowest family income quartile to 12.3%

for those from the highest family income quartile, a difference which is statistically

different.16

While these results indicate a positive relationship between college choice and fam-

ily income, it is not clear what is driving this result. As mentioned above, two possible

explanations are that individuals from low income households face credit constraints

when choosing between colleges, or that family income is correlated with other un-

observable attributes, such as preference for college type. In order to understand the

mechanism behind this relationship, the model is structurally estimated, and coun-

terfactual experiments are explored to understand the importance of preferences as

well as credit constraints on college choice.

16A Wald Test indicates the difference is significant at the 1% level.
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GMM Estimation Strategy

The vector of parameters to be estimated is denoted ζ and in total there are 39

parameters to be estimated from the data. The likelihood function for the model is

complex, partially due to the size of the model, but also because there are a number

of missing state variables due to timing of the collection of the data. Maximum

likelihood estimation would require that we integrate over the distribution of these

unobserved states, and thus GMM is utilized to estimate the parameters of the model.

Moments predicted by the model are matched to their observed values in the data,

conditional on the four combinations of parental income and AFQT that influence

the initial unobserved skill, as well as time. In total there are 4 combinations of the

background variables and 13 time periods of data. This vector of conditional variables

is denoted B̃, and the expected observation given B̃ as E[Y |B̃, ζ].

The moments used to estimate the model are displayed in Table 2.9. In each

period of the model, averages are taken over earnings, earnings squared, college loans,

credits, degree status, attendance, grants and labour force participation. There are

also interactions between work intensity and attendance, as well as degree status and

earnings. There are a total of 152 moments matched for each combination of parental

income and AFQT, meaning a total of 608 moments are used to estimate the model.

These observed conditional moments are denoted as Ê[Y |B̃], where Y represents a

vector of measurements.

The model predicts moments for each combination of the variables contained in B̃

given the value of the parameters. These moments are represented by E[Y |B̃, ζ̂]. The

difference between the empirical moments in the data and the moments predicted by

the model can then written as:
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∆m̂ = Ê[Y |B̃]− E[Y |B̃, ζ̂]

Parameters are chosen to minimize the weighted distance between moments predicted

by the model and those observed in the data:

ζ̂ =

argmin

∆m̂′W∆m̂

where W is a positive semi-definite weighting matrix. As the main interest is

fitting college choice decisions and educational attainment more weight is placed

on matching predicting moments on college choice, and attendance. Additionally,

weighting is dependent on the number of observations used to calculate each moment.

The estimation uses a number of fixed variable and parameter values from the

literature. Tuition levels for each college type are used from Fu (2014). Additionally,

mean asset levels for individuals at ages 18, 20 and 25 are used from Johnson (2013).17

Table 2.10 outlines the fixed parameters and their sources. Tuition levels at Elite

Private and Elite Public colleges are $27,009 and $14,425 respectively, while Private

and Public are assumed to charge $17,201 and $10,215. Interest rates applied to

student loans are set to 6.13% for subsidized loans after graduation, and 6.8% for

unsubsidized loans. These values reflect the average interest rates between 2006-2010

on government loans.18

17Data on assets is collected infrequently by the NLSY.
18Interest rates prior to July 1st, 2006 are variable, https://studentaid.ed.gov/types/loans/interest-

rates
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2.4.1 Structural Estimation Results

Parameters

Tables 2.11, 2.12, and 2.13 provide the parameter estimates of the model. General

parameters that apply to the entire model are displayed in Table 2.11.

Estimates indicate that AFQT scores play a relatively large role in determining

an individual’s initial unobserved ability, compared to parental income. Transfers

are negatively related to age, and positively related to permanent unobserved ability,

college attendance and parental income.

Table 2.12 provides the parameter estimates related to the schooling phase of

the model. The consumption value of attending a private institution is significantly

larger than attendance at other institution types, including elite private colleges. This

suggests that there are important non-pecuniary differences among colleges.

Estimates of the credit accumulation function indicate relatively small differences

in the effect of the cross product of ability and school type on credit accumulation,

despite large differences in college progression in the data. As expected, labour force

participation while enrolled has a negative effect on credit accumulation. The effect of

part-time and full-time work is relatively equal. As noted above, Keane and Wolpin

(2001) find that working while in college is an important margin that students utilize

to ease borrowing constraints. Given the eventual effect of credits on the distribution

of skill in the post-schooling phase, those who choose to work while in college indirectly

sacrifice potential post-schooling skills.

Table 2.13 displays parameters related to the post-schooling phase of the model.

The estimates of φyq indicate that given the equal number of credits, credits from

private non-elite colleges have a greater expected effect on unobserved skills entering
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the working phase than those from any public or elite private institutions. Current

estimates also indicate that there are relatively larger sheepskin effects for public

institutions compared to private ones, and that there are negative returns to unob-

served skills for all possible skill levels. These results are surprising given the past

literature on the returns to college quality in the United States.

Model Fit

College Choice

Tables 2.14, 2.15 and 2.16 compare predicted and actual college choice over the

four fixed groups. Groups are defined as: Group 1 - low AFQT, low parental in-

come (“LoLo”); Group 2 - high AFQT, low parental income (“HiLo); Group 3 - low

AFQT, high parental income (“Lo-Hi”); Group 4 - high AFQT, high parental income

(“HiHi”). In general, the model over-predicts college attendance for groups with

lower parental income, particularly at elite institutions. Conversely, the model dras-

tically under-predicts college attendance for those from higher income households.

Furthermore, the model fit does not reflect the relationship between family income

and college attendance seen in the data.

Table 2.15 shows that the model under-predicts the percentage of people who

choose to attend non-elite public colleges regardless of background variables (AFQT

scores and parental incomes). The model does fairly well at predicting non-elite

private college attendance for all groups. With respect to elite colleges, the model

over-predicts attendance for those with lower parental income. The model under

predicts elite college attendance for those with high parental income and ability.
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College Progression, Borrowing, and Graduation

Figures 2.2, 2.3 and 2.8 display the predicted and observed college attendance rates,

credit accumulation, and degree status by fixed group.19 Results indicate that atten-

dance, credit accumulation and degree status are all under-predicted by the model

for all but Group 1, which is under-predicted up until the age of 22.

Earnings and Employment

Figure 2.9 displays the predicted and actual levels of earnings for individuals in each

fixed group. Similar to college attendance, credits and graduation, the model under-

predicts the level earnings for each fixed group. Appendix A contains additional

figures related to model fit related to earnings for college graduates, employment and

savings. In general, the model under predicts along all these dimensions.

2.5 Counterfactuals

The preliminary estimation of the structural parameters of the model allow coun-

terfactual policies to be explored. To examine whether credit constraints influence

enrolment, graduation or labour market decisions we explore four policy experiments

related to grants, tuition levels, and interest rates on student loans. Table 2.17 de-

scribes the four policy experiments. None of these policy experiments had a significant

impact on the fit of the model. This suggests that with the current estimates, there

do not appear to be significant credit constraints related to attendance decisions and

graduation.

19Group 1 is labeled “LoLo”, Group 2 “HiLo”, Group 3 “LoHi”, and Group 4 “HiHi”.
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To understand how preferences for college types shape college choice decisions we

set the utility of attending all college types (γq) equal to 0. Table 2.18 summarizes

the effect of this counterfactual. This experiment results in nearly all individuals,

regardless of fixed group, choosing to attend public or elite public institutions. This

suggests that private schools rely on non-pecuniary factors to generate enrolment.

Results also indicate that lowering the utility cost of attending college leads to an

overall increase in college enrolment, with the the percentage of individuals choosing

to forgo choosing a college falling to close to 0.

2.6 Conclusions

Much of the research into credit constraints has focused on the relationship between

family income and college attendance. However, this research has ignored important

heterogeneity in the college market along both quality and tuition levels and the

positive correlation between college quality and family income. Two possible expla-

nations for this relationship are that credit constraints influence college quality, or

that unobserved characteristics which are correlated with family income make indi-

viduals from high income households more likely to attend high quality colleges. The

presence of credit constraints in college choice would mean that current estimates

are underestimating the influence on schooling decisions. Furthermore, with evidence

that college quality has positive labour market returns, college quality could be an

important margin in which individuals are credit constrained and have significant

policy implications.

Initial results from a multinomial logit model indicate that after controlling for

background variables, the probability that high ability individuals from high income
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households attend elite colleges is twice as high than their counterparts in low income

households. In order to understand the channel responsible for this relationship, this

paper develops a dynamic model of human capital accumulation to understand the

role of credit constraints in college choice and educational attainment. The presence

of credit constraints in college choice would mean that current estimates are underes-

timating the influence on schooling decisions. The model extends the current litera-

ture by allowing high-school graduates to choose between colleges of different quality,

modeling college progression through credit accumulation and separately modeling

school related borrowing. This framework is used to gain further insight into the role

of credit constraints on college choice and educational attainment. The structural

model is estimated through GMM, whereby predicted moments from the model are

matched with observed moments from the 1997 wave of the National Longitudinal

Survey of Youth.

The estimated model under-predicts observed levels along a number of key dimen-

sions, including college attendance, progression and graduation, as well as earnings.

However, this preliminary model and estimated parameters provide a framework to

explore the importance of credit constraints and preferences in explaining college

choice.

Using the structural parameters of the model, a number of policy experiments

are examined. There appears to be little change in college choice or attendance

when potential credit constraints are relaxed through changes in grants, reductions

in tuition at public institutions to 0, or reducing interest paid on students loans to

nearly 0. We find that attendance at more expensive private colleges is primarily

driven by non-pecuniary factors, and that setting disutility of school attendance to 0
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nearly all individuals attend a public or public elite institution.

2.7 Tables and Figures

Figure 2.1: State Space

Table 2.1: Allocation over College Type

E.Pri E. Pub Private Public None Total
N 15 59 306 99 325 568
% of Sample 2.64 10.39 12.32 57.22 17.43 100



CHAPTER 2. COLLEGE CHOICE 39

Table 2.2: Selected College Statistics by Age

Age % Enrolled Loans Credits1 Grants1 BA Degree2

18 63.3 $3,434 0 $4,532 0.0
19 53.4 $4,131 1.11 $4,184 0.0
20 46.8 $4,645 1.75 $4,767 0.0
21 42.1 $4,878 2.37 $4,128 0.4
22 37.2 $5,455 2.89 $5,210 7.23
23 26.6 $5,437 3.20 $3,762 16.9
24 16.4 $5,488 3.35 $3,149 23.1
25 11.7 $5,573 3.30 $4,149 26.2
26 10.5 $5,716 3.26 $3,251 28.3
27 8.5 $6,131 3.14 $3,650 30.0
28 6.6 $6,165 2.89 $3,838 31.2
29 5.5 $5,826 2.87 $400 31.2
30 4.8 $6,061 2.71 $5,000 29.7
Loans and grants are measured in 2004 dollars.

1 if > 0

2 percentage of sample

Table 2.3: College Attendance by Age and College Type (Percent of Sample)

Age N Private Elite Public Elite Private Public None
18 568 2.46 9.33 9.86 41.73 36.6
19 998 2.00 7.92 8.22 35.27 46.59
20 1066 1.97 7.04 7.32 30.49 53.18
21 1080 1.94 6.67 6.85 26.67 57.8
22 1092 1.47 5.31 6.50 23.9 62.82
23 1098 0.82 3.28 4.46 18.03 73.41
24 1099 0.01 1.27 2.27 12.74 83.62
25 1101 0.01 0.82 1.54 9.26 88.28
26 1103 0 0.63 1.09 8.79 89.48
27 558 0 0.82 0.58 7.11 91.49
28 604 0 0.83 0.50 5.3 93.38
29 393 0 0.25 1.02 4.32 94.40
30 165 0 0 1.82 3.03 95.15
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Table 2.4: Selected Statistics by College Type

Variable Elite Private Elite Public Private Public None
% Complete BA1 95.45 63.04 53.54 28.40 .
% College Loans 33.04 39.69 37.98 24.55 .
Avg. College Loans/year2 $3,632 $5,849 $7,481 $4,608
Avg. College Grants/year2 $10,260 $5,332 $6,120 $3,026 .
Median Ability Pct. 75.0 69.3 60.1 60.2 33.4
% Black/Hispanic 13.33 13.56 18.57 22.46 40.15

Familiy Income
1st Tercile 19.05 17.58 31.7 30.05 43.84
2nd Tercile 19.05 23.08 38.2 34.09 38.08
3rd Tercile 61.90 59.34 30.1 35.86 18.08

Annual amounts, in 2004 dollars.

1 by the age of 26.

2 by the age of 26.

Table 2.5: Employment by Age (Percent of sample)

Enrolled Not Enrolled
Age Pt. Work Ft. Work Pt. Work Ft. Work
18 48.89 19.16 29.81 47.12
19 43.90 25.14 24.73 52.04
20 43.89 30.26 21.526 54.15
21 42.86 31.21 20.00 56.96
22 38.42 42.61 15.60 65.16
23 27.74 51.71 16.63 68.11
24 20.56 56.67 16.98 68.55
25 25.58 51.94 13.48 70.89
26 27.59 48.28 15.60 68.49
27 19.18 53.42 14.65 68.28
28 15.00 60.00 13.83 68.97
29 9.09 72.27 15.09 67.12
30 62.50 25.00 15.92 63.057
Pt = part-time, Ft = full-time.
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Table 2.6: Employment Statistics by College Type

Variable Pri Elite Pub. Elite Private Public None
Wages (age 18) $3,262 $2,853 $3,864 $4,349 $5,853
Wages (age 20) $4,052 $4,290 $7,649 $8,633 $10,822
Wages (age 26) $39,839 $35,554 $31,358 $27,893 $25,890
Wages (age 29) $52,741 $49,281 $49,429 $35,271 $28,153
% PT Work & Enrolled1 43.69 42.07 39.04 37.02 .
% FT Work & Enrolled1 21.36 19.95 36.33 40.05 .
Annual wages measured in 2004 dollars.

1 percentage of sample, average over all years enrolled.

Table 2.7: Family Income and College Choice, Multinomial Logit

Variable Elite Non-elite Private
Family Income 2nd Quartile .302 .167

(.105) (.155)
3rd Quartile .314 .0212

(.199) (.160)
4th Quartile .484*** .197

(.104) (.157)
Ability 2nd Quartile .642* -.492***

(.332) (.183)
3rd Quartile .822** -.378**

(.323) (.176)
4th Quartile 1.142*** -.275

(.321) (.174)
Additional Controls Y
Observations 1846
Robust standard errors in parenthesis.

Additional controls include: gender, race, urban, number of siblings.

∗p < .1,∗∗< .05,∗∗∗ p < .01
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Table 2.8: Predicted Probabilities, Elite Colleges

Family Income
Quartile 1 Quartile 4

Ability 1st Quartile .012* .0161*
(.007) (.009)

4th Quartile 0.061*** 0.123***
(.015) (.0190)

Predicted probabilities from coefficients in Table 8.

Additional controls at their mean value.

∗p < .1,∗∗< .05,∗∗∗ p < .01

Table 2.9: Conditional Moments Matched

Variable: Time Periods # Moments1

Schooling College Choice 1 20
Percent Attendance 8 32
Credits 8 32
Loans 8 32
Grants 8 32
Degree Status 13 52

Labour Force Full-time work 13 52
Part-time work 13 52
No Work 13 52
Ft-Work×Attendance 8 32
Pt-Work×Attendance 8 32
No-Work×Attendance 8 32

Earnings: Mean Wages 13 52
Earnings Squared 13 52
Degree-Status×Earnings 13 52

Total Matched Moments: 608
1 Moments are matched for each fixed group
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Table 2.10: Fixed Variable & Parameter Values

Parameter Value Source
Discount rate (δ) .97 Literature
Tuition
Elite Private $27,033 Fu (2014)
Elite Public $14,425 Fu (2014)
Private $17,296 Fu (2014)
Public $10,215 Fu (2014)
Asset Levels
Assets - 18 $5185 Johnson (2013)
Assets - 20 $5284 Johnson (2013)
Assets - 25 $8184 Johnson (2013)
Interest Rates
Sub. Govt Loans 6.13% Dept. Education
Unsub Govt Loans 6.80% Dept Education
Borrowing 0.90% Johnson (2013)
Saving 5.90% Johnson (2013)
Default Debt Increase 10% Dept Education

Table 2.11: Parameter Estimates

Category Symbol/Description Estimate
Wages σ 0.950391

Initial Dist. Ability µAFQT 0.299353
µPInc 0.019255
µX 0.150734

Transfers τT0 3.366131
τTA 1.410504
τTt 4.280979
τTa 0.037680
τTi 0.055286

Risk Aversion ρ -1.911891
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Figure 2.2: College Attendance by Fixed Group
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Figure 2.3: Credit Accumulation by Fixed Group
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Figure 2.4: Student Loans - Public
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Figure 2.5: Student Loans - Private
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Figure 2.6: Student Loans - Elite Public
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Figure 2.7: Student Loans - Elite Private
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Figure 2.8: Degree Status by Fixed Group

0
.1

.2
.3

0
.1

.2
.3

18 30 18 30

LoLo LoHi

LoHi HiHi

Degree
span

Degree
span

Degree
span

Degree
span

deg_Observed deg_Predicted

age

Graphs by Group



CHAPTER 2. COLLEGE CHOICE 51

Figure 2.9: Earnings by Fixed Group
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Table 2.12: Schooling Parameter Estimates

Category Symbol/Description Estimate
Consumption Value of Schooling γq - Public -1.957453

γq - Private -0.002372
γq - Elite Public -2.315979
γq - Elite Private -1.862369
γp -0.995105
γf -1.950352

Credit Accumulation θ0 10.423322
θq - Public 0.099591
θq - Private 0.106832
θq - Elite Public 0.109265
θq - Elite Private 0.102571
θp -0.095673
θf -0.081332

Grants τ g0 -0.051025
τ gi -0.222301
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Table 2.13: Post-Schooling Parameter Estimates

Category Symbol/Description Estimate
Skill Distribution (post schooling) φyq - Public -1.389639

φyq - Private 1.601846
φyq - Elite Public -0.011107
φyq - Elite Private 0.014671

Skill Accumulation φ0 -9.711367
φoa -0.026648
φop 0.556530
φof 1.180174

Wages β0 2.596577
βa 0.007593
βq - Public 2.920743
βq - Private 0.341769
βq - Elite Public 2.146015
βq - Elite Private -0.094040
βk -0.148711
βk2 0.003357

Table 2.14: No College - Predicted vs Actual

Group Actual Predicted
Group 1 0.290 0.279
Group 2 0.154 0.281
Group 3 0.066 0.280
Group 4 0.043 0.282

Table 2.15: College Choice: Predicted vs Actual

Public Private
Group Actual Predicted Actual Predicted
Group 1 0.568 0.400 0.108 0.127
Group 2 0.646 0.396 0.139 0.129
Group 3 0.625 0.400 0.112 0.127
Group 4 0.446 0.394 0.174 0.131
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Table 2.16: College Choice: Predicted vs Actual

Elite Public Elite Private
Group Actual Predicted Actual Predicted
Group 1 0.035 0.131 0 0.062
Group 2 0.062 0.131 0 0.063
Group 3 0.158 0.132 0.039 0.062
Group 4 0.239 0.131 0.098 0.063

Table 2.17: Policy Experiments

Target Parameter Description

Grants τ qo Increasing Grant Intercept.
Tuition Tuition(q1) = 0 Setting Tuition of Public College to 0.
Tuition Tuition(q2,3,4) = Tuition(q1) Setting all college tuition to Public College tuition.
Interest Rate r0 = r1 ≈ 0 Interest Rate on Student Loans Approx. 0.

Table 2.18: Counterfactual Experiment - Utility of Attendance

No College Public Private Elite Public Elite Private
Group Model Experiment Model Experiment Model Experiment Model Experiment Model Experiment
Group 1 0.27931 0.00007 0.39993 0.56044 0.12707 0.00003 0.13160 0.43943 0.06210 0.00002
Group 2 0.28117 0.00007 0.39597 0.56057 0.12719 0.00003 0.13103 0.43930 0.06255 0.00002
Group 3 0.27955 0.00007 0.39955 0.56045 0.13156 0.00003 0.13156 0.43942 0.06215 0.00002
Group 4 0.28226 0.00008 0.39364 0.56064 0.13070 0.00004 0.13070 0.43922 0.06283 0.00002



Chapter 3

Inequalities in Test Scores between

Indigenous and

Non-Indigenous Youth in Canada

3.1 Introduction

Education is an important determinant of labour market outcomes (Card, 1999; Rose

and Betts, 2004), and given that learning is a cumulative process, understanding the

determinants of academic success throughout a student’s school experience is crucial

for understanding gaps in socioeconomic outcomes later in life (Gagné, 1968; Todd and

Wolpin, 2003; Ding and Lehrer, 2014; Heckman, Pinto, and Savelyev, 2013; Heckman,

Gertler, Pinto, Zanolini, Vermeerch, Walker, Chang, and Grantham-McGregor, 2014;

Heckman and Conti, 2014). This paper studies the test gap in math scores between

minority and non-minority groups in Canada to further our understanding of the ori-

gins of socioeconomic disparities among traditionally marginalized demographics. We

55



CHAPTER 3. THE INDIGENOUS TEST SCORE GAP 56

use the National Longitudinal Survey of Children and Youth (NLSCY), a nationally

representative longitudinal survey of approximately 23,000 Canadian youth between

1994 and 2009, to quantify the extent and determinants of the test gap between white

students and black, South Asian, Chinese, and Indigenous students, paying particular

attention to the Indigenous-white test gap.1

Because of the strong link between cognitive ability in math and long-run out-

comes, we focus on the results of a math component administered to students during

each cycle of the survey.2 Given the nature of the survey data, we are able to con-

dition on a rich set of socioeconomic controls, including household income, parental

education, household characteristics, school type, and location fixed effects. Our

estimates suggest that the Indigenous-White test gap among children aged 8-15 is

approximately 0.31 standard deviations.3

To shed light on the mechanisms underlying the Indigenous-white test gap, we

use the methodology of Lemieux (2002) to decompose the test gap into differences

in the returns to and level of observable characteristics.4 This framework focuses on

1In Canada, Indigenous peoples have substantially worse educational outcomes compared to their
non-Indigenous counterparts. In 2006, 32% of the Indigenous adult population did not have a high
school degree, compared with 15% of the non-Indigenous population, while 8% of Indigenous people
reported having a bachelor’s degree, compared to 22% of the non-Indigenous population (Wilson
and Macdonald, 2010). These educational disparities have led some scholars to contend that poor
education levels, more than any other factor, are driving poverty among the off-reserve Indigenous
population, and they highlight the importance of increasing educational outcomes as a means of
alleviating poverty and improving the socioeconomic conditions of Indigenous peoples more generally
(Richards and Vining, 2004).

2For instance, using data from the 1980s O’Neill (1990) finds that a one standard deviation
increase in the AFQT scores of blacks in the United States leads to an increase in wages of 10.6
percent. Adjusting for test scores leads to an increase of 7.8 percentage points in the black-white
earnings ratio.

3Since the NLSCY is not administered on Indian reserves, where school quality tends to be lower,
our results are likely a lower bound on the estimate of the Indigenous-white test gap. Our results are
still important for understanding socioeconomic disparities faced by Indigenous peoples in Canada,
as recent statistics suggest that only one in five Indigenous students now attend schools on-reserve.

4Decomposition methods have been used to study differences in Indigenous-non-Indigenous out-
comes in Canada. For instance, George and Kuhn (1994) use an Oaxaca-Blinder decomposition
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the entire distribution of test scores to understand which quantiles of the distribution

are driving changes in mean outcomes. The Lemieux (2002) framework reveals that

standard methods of decomposing mean differences, like the Oaxaca-Blinder (Blin-

der, 1973; Oaxaca, 1973) method, mask important heterogeneity in what is driving

test gaps in the tails of the distributions. We construct counterfactual test score

distributions for Indigenous students to show that the test gap in the lower tail is

more than eliminated once we account for differences in both the returns to and levels

of observables characteristics. For those in the right tail of the distribution, we find

almost no change in the test gap after computing our counterfactual distributions.

Our paper provides three main contributions to the existing literature. First,

we provide the first nationally representative estimates of the Indigenous-white test

gap in Canada. Second, we extend our analysis to include other Canadian minority

groups.5 A substantial literature in the United States has concentrated on the causes

of the black-white test gap (Fryer and Levitt, 2004, 2006; Clotfelter et al., 2009; Sohn,

2012), and a smaller body of work has attempted to address the test gap between

Indigenous and non-Indigenous students in Australia (Leigh and Gong, 2009) and

Peru (Sakellariou, 2008).

Third, extending beyond the Canadian context, to our knowledge, we are the first

to apply the Lemieux (2002) decomposition methodology to an analysis of the test

score gap. This exercise reveals that the factors contributing to the Indigenous-white

to study earnings gaps and find that differences in observable characteristics can explain up to
50 percent of the wage gap. More recently, Feir (2013) uses an Oaxaca-Blinder decomposition to
understand whether the reasons behind earnings differentials between Métis and North American
Indians living off-reserves and non-Indigenous Canadians, have changed over time, as well as the
extent of the on-reserve earnings penalty. For a broad discussion of decomposition methods and
their applications in labour economics, see (Fortin et al., 2011).

5Existing Canadian studies have examined the test gap between just Indigenous and non-
Indigenous students and have only focused on the province of British Columbia (Richards, Howe,
and Afolabi, 2008; Friesen and Krauth, 2010; Richards, Vining, and Weimer, 2010).
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test gap in the left tail of the distribution are different from those contributing to the

gap in the right tail of the distribution, suggesting that analyses focusing solely on

the determinants of the gap at the mean may be missing important heterogeneity.

The remainder of our paper is outlined as follows. Section 3.2 describes the Na-

tional Longitudinal Survey of Children and Youth that is used throughout our analy-

sis. In Section 3.3 we describe the empirical strategy and results of the mean analysis,

and the proceed to discuss our distributional results. Section 3.4 concludes with a

brief discussion of the policy implications of and future plans for our work.

3.2 Data and Background

Our empirical analysis uses the National Longitudinal Survey of Children and Youth

(NLSCY). The NLSCY is a nationally representative longitudinal dataset that was

first administered to students in 1994-1995, and then students were re-interviewed

every two years ending in 2008-2009. In addition to the original students included

in the longitudinal component, new students were added to each wave of the sur-

vey to generate a nationally representative cross-sectional component. The youngest

students in the NLSCY are under the age of 1 and the oldest are up to 25 years old.

Questions in the survey cover a wide range of topics including health, education,

physical and cognitive development, and physical and social environments. In ad-

dition to interviewing students themselves, in some years the surveys also include a

parent component, school and teacher component, and a module for the interviewer
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to fill out that addresses neighbourhood characteristics.6 The NLSCY was adminis-

tered in all 10 provinces, but excludes students living in any of the three territories,

on Indian reserves or Crown lands, residents of institutions, full-time members of the

Canadian Armed Forces, and remote regions. To the extent that Indigenous students

on Indian reserves face worse socioeconomic conditions and attend schools of lower

quality, our results will understate the magnitude of the test gap between Indigenous

and non-Indigenous youth in Canada.7 This lack of comparable data for Indige-

nous peoples is a pervasive problem occurring in almost all socioeconomic datasets in

Canada.

Although the NLSCY was not administered on Indian reserves, it does contain

questions regarding ethnic background. In particular, in the 2000-2001 wave, a ques-

tion was added to the survey, which explicitly asked the race of the individual.8 Since

the identity-based questions were only included after 2000, we exploit the longitudi-

nal nature of the data and classify students’ ethnicity based on whether they indicate

that they identify as an ethnic minority in any of the later survey waves.9,10

6Each survey wave contains the student component, but only a small number of waves contain
the school, teacher, and neighbourhood components.

7Despite increases in high school graduation and achievement of students on reserves, reserve
schools still struggle with underfunding, geographic isolation, and additional social problems com-
pared to off-reserve schools (Barsh, 1994; Richards, 2008; Anderson and Richards, 2016).

8Originally this question asked, “How would you best describe your race or colour?”, where
students could respond with “Inuit/Eskimo”, “Métis”, or “North American Indian”, which are the
three Indigenous groups in Canada. Students could also respond with “Black”, “Chinese”, “South
Asian”, as well as a set of other ethnicities, which we combine in a category called “Other”. By 2004-
2005, another question was added that read, “Are you an Aboriginal person, that is, North American
Indian, Métis or Inuit?’. No analogous question was added for students of other ethnicities.

9One should note that willingness to identify as Indigenous has changed over time in Canada
(Guimond, 1999, 2009; Caron-Malenfant, Coulombe, Guimond, Grondin, and Lebel, 2014). This
would be a problem in our analysis if unobserved characteristics correlated with willingness to
identify as Indigenous were also correlated with test scores. Since we classify students as having
Indigenous identity based on whether they identify as Indigenous in any year of the survey, we do
not expect this to affect our results.

10An alternative measure of ethnicity could be to classify students based on their reported ancestry.
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Our measure of test scores is constructed based on a mathematics component given

to all students in the NLSCY in grade 2 or above. During the household interview

parents were asked to consent to the math test, which was then to be administered

by the child’s teacher. The content of the test varied based on the grade of the

student, and both the raw and standardized scores were recorded in the survey. We

standardize test scores so that the mean is 0 and variance is 1 for each age.11

We restrict our sample in several ways to circumvent issues that arise from the

nature of the data and questionnaire. First, we only consider students who would

have been within the age range of the math test, that is, between 7 and 15. Of these

students, we drop those who are 7 because of a low sample size, and we drop the first

cycle (1994-1995) because a number of students in this wave received perfect scores

on the math test, leading to low variation for this subsample.

Perhaps the most important sample selection issue for our analysis arises because

the math test is only administered to students if parents consent. This resulted in

a surprisingly large number of students without any math score at all, and since the

math score is our outcome of interest we must drop students who do not have this

score.12

Finally, not all households report a value of their income. Since income has high

explanatory power for test scores, and is also highly correlated with ethnicity, we

Each survey wave included a question that read, “To which ethnic or cultural group(s) did your
ancestors belong?” We use this question to classify students as having ancestry belonging to an ethnic
minority. The question relating to Indigenous ancestry was repeated each year. In a small number
of cases some students reported having Indigenous ancestry in one year and not in a subsequent
year. To deal with these cases, we recode all students as having Indigenous ancestry in all years
if they indicate ancestry in one year. Results using this classification are qualitatively similar, but
smaller in magnitude.

11The main analysis is invariant to using the original standardized scores included in the raw data
and to standardizing by age-cycle. These results are unreported, but available upon request.

12In the empirical section, we use a Heckman correction (Heckman, 1976, 1979) to estimate the
extent to which this restriction may be biasing our results.
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posit that the bias that would result from excluding income is larger than the bias

induced by excluding those who do not report income. The NLSCY does not directly

report income, however it does include a related measure called the low-income cut-

off (LICO) ratio. This variable is a ratio of the household’s income to the LICO

for their economic family.13 Table 3.2 confirms that excluding students who do not

report a LICO ratio is less problematic than omitting the LICO ratio from the set

of controls. In column (1) we regress the standardized math score on an indicator

for being Indigenous using the full sample. Column (2) repeats this exercise for the

sample of students who do not include a LICO ratio, while Column (3) includes the

LICO ratio as a control in the regression. The estimate of the test gap is affected to a

larger extent by omitting the LICO ratio from the set of controls than from excluding

those without an estimate of the LICO ratio.

Table 3.3 presents a set of descriptive statistics for students who identify as In-

digenous and those who do not. The average standardized math score was 0.677

standard deviations lower for students who identify as Indigenous compared to those

who do not. It is also apparent that the characteristics of Indigenous students differ

substantially from non-Indigenous students.14

On average, the sample of Indigenous students is more likely to be male and

slightly younger. Indigenous students tend to have parents with lower levels of edu-

cation. For instance, the likelihood that an Indigenous student has a primary care

13The LICO is essentially a stand-in for the concept of a poverty line in Canada. It identifies a
family as low income based on the portion of their income spent on essentials, signifying a greater
likelihood of being economically strained. The LICO is determined based on the size of the city in
which the individual resides, as well as their family size. Its construction therefore reflects consump-
tion patterns that may differ across city and family sizes (Murphy et al., 2012).

14In the empirical specifications, we also control for whether the individual is an immigrant, or
if they identify as black, South Asian, or Chinese identity. However, the portion of the sample
reporting these ethnicities or who are immigrants is so small that we are unable to display summary
statistics due to Statistics Canada reporting rules.
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giver (PCG) with a high school degree or a post-secondary degree is nearly 11 and

15 percentage points lower, respectively, than for students who do not identify as

Indigenous. The likelihood that the spouse of the PCG is educated is also lower for

students who identify as Indigenous. Indigenous students are more likely to have

been born to a teenage mother and live in a single parent family, but are less likely

to be born at a low birth weight. Importantly, the LICO ratio is 0.670 points lower

for students who identify as Indigenous. Compared to a mean LICO ratio of 2.265

for the non-Indigenous population, this difference is both large in magnitude and

statistically significant. Not surprisingly, Indigenous students are less likely to also

identify as white and are more likely to report having Indigenous ancestry. It should

be noted that a small portion (3.8 percent) of non-Indigenous students also report

having Indigenous ancestry.

3.3 Empirical Framework and Results

3.3.1 Average Effects

OLS Framework and Results

Our first empirical specification attempts to quantify the overall test gap in math

scores between Indigenous and non-Indigenous youth. We run the following specifi-

cation:

Yi,r,a,s = α +
∑
k

βk1(ethnicityi = k) + Xi,a,sθ + δa + γs + ζr + εi,r,a,s, (3.1)
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where Yi,a,s,r is the standardized math score of individual i from region r of age a

sampled in survey s. The set of indicators 1(ethnicityi = k), k ∈ Indigenous, black,

Chinese, South Asian, other, equals 1 if individual i is of the corresponding ethnicity.

The omitted ethnicity category is white, so that each coefficient estimate β̂k measures

the conditional difference in test scores between group k and white students. We

include a matrix of controls in Xi,a,s.
15 We include a set of dummy variables for

student age, δa, and for the survey wave in which the respondent was tested, γs.

Finally, all of our specifications include census metropolitan area (CMA) interacted

with province dummies, ζr. The CMA variable includes a unique identifier for each

CMA in Canada, but those living outside of CMAs are coded according to four degrees

of rurality. Thus, someone living in a rural area of British Columbia would be coded

as having the same fixed effect as someone living in a rural area of Newfoundland. For

this reason, we interact CMA with province, which more accurately assigns clusters

to rural regions within provinces, but does not change the clusters of those living in a

CMA. Standard errors are clustered at the provincial level, as this is the jurisdictional

level at which education policy is determined.16 All regressions are weighted by the

survey weights included in the NLSCY.

The results from estimating equation 3.1 can be found in Table 3.4.17 Our iden-

tification strategy relies on a selection on observables assumption, thus each column

15Specifically, we include indicators for whether the child is an immigrant, their gender, if they
come from a single parent family, if they were born low birth weight, if they were born to a teenage
mother, if they attend a public, private, catholic, or other type of school, education levels of their
primary care giver and the primary care giver’s spouse, and we include continuous variables that
control for the LICO ratio, and the number of siblings.

16It should be noted that this is a relatively small number of clusters, meaning that the standard
errors are unreliable. We are currently implementing the method outlined in (Roodman et al., 2018)
in order to improve the accuracy of our results.

17We also report estimates using inverse propensity score weighting in Table B.1. These results
do not differ from the original results.
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adds a new covariate (or group of covariates) to see how the coefficient on each of the

minority indicators varies with the addition of new controls. Students who identify as

Indigenous have test scores that are up to 0.310 standard deviations lower compared

to white students. This finding is not dissimilar from Clotfelter et al. (2009) who

estimate the math test gap between Native American and white students in the state

of North Carolina to be between -0.237 (grade 8) and -0.299 (grade 3). It is also

similar to the findings in Leigh and Gong (2009) who show that the Indigenous-non-

Indigenous test gap in Australia is approximately 0.3-0.4 standard deviations for five

year olds.18

In comparing the movement in the coefficient estimate on the Indigenous indica-

tor, we see that the largest movements arise when we add controls that proxy for

income (the LICO ratio) and parental education (PCG and Spouse high school and

post-secondary). The covariates that do not appear to predict test scores in a statis-

tically meaningful way are the gender of the child, whether the child is an immigrant,

and whether the child attends a public or catholic school. In general the coefficient

estimates enter the equations with the expected sign–higher income correlates with

higher test scores, students whose parents have a higher level of education perform

better on the test, and students who are born at a low birth weight perform worse

on the test. The coefficient on the gender indicator is negative in each specification–

although it is not statistically different from 0. The direction of the gender coefficient

is consistent with previous work showing that girls typically outperform boys in school

(Bertrand and Pan, 2013; Murnane, 2013; Autor et al., 2016b,a).19 Perhaps somewhat

surprising is that once we condition on the full set of controls, we find that students

18Leigh and Gong (2009) use the Peabody Picture Vocabulary Test to examine the test gap, so
their results are not directly comparable to results using math tests.

19There are many explanations for why boys are currently outperformed by girls in the classroom.
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who live in a single parent family have higher test scores. We do not have a good

explanation for this result.

While the purpose of this paper is to emphasize the determinants of the Indigenous-

white test gap, there is also a large gap in test scores for students who identify as

black compared to white students. Under the full set of controls, the black-white test

gap is 0.335 standard deviations, slightly larger than the Indigenous-white test gap,

and in line with studies that have focussed on the test gap in the United States.20

We also find that the test scores of Chinese and South Asian students are 0.487 and

0.183 standard deviations higher than White students, respectively. This result is

also consistent with Clotfelter et al. (2009) who find that Asian students outperform

whites.

To further our understanding of some of the barriers faced by minority groups in

Canada, Table 3.5 reports the results of a subsample analysis, where each column

presents estimates of equation 3.1 for the subsample described in the column header.

Column (1) replicates the OLS results for the full sample for comparison. The second

two columns focus on the test gap across genders. For the Indigenous-white test gap,

there do not appear to be differences across genders. For black students, the test

gap is completely driven by male students. The female black-white test gap, while

negative, is not statistically different from 0. This result is similar to the findings of

Fryer and Levitt (2004) and Fryer and Levitt (2006) in that the black-white test gap

For instance, Autor et al. (2016a) suggest that boys are disproportionately affected by family disad-
vantage, while Bertrand and Pan (2013) find that boys raised in single-parent households are more
likely to display behavioural or disciplinary issues which may contribute to worse performance in
school.

20Fryer and Levitt (2004) find a regression adjusted Black-White test gap of 0.094 standard
deviations in the fall of kindergarten, which increases to 0.201 by the spring of first grade. By
third grade the test gap increases to 0.382 (Fryer and Levitt, 2006). Clotfelter et al. (2009) find a
slightly larger estimate of the Black-White test gap, but analyze cohorts in grades 3 through 8.
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in the United States is larger for males than females; however, they still find a sizeable

difference between the test scores of black and white girls. In our sample, girls appear

to be driving the higher test scores among South Asian and Chinese students.

There are large differences in the Indigenous-white test gap for students in low-

income families. Indigenous students whose LICO ratio is below the median score

an average of nearly 0.4 standard deviations lower than non-Indigenous students

who are also below the median LICO ratio. The gap among students who live in

households with above median LICO ratios is 0.078 and not statistically significant.

These findings are important and worth highlighting, as they suggest that Indigenous

students who face specific adversities–those who come from lower income families, who

live in single parent families, and who are born at a low birth weight–have potentially

less support for overcoming the ensuing academic challenges in comparison to non-

Indigenous students.

Indigenous students who come from single parent families also seem to be driving

the test gap, as well as those who are born at a low birth weight, and the Indigenous-

white test gap is larger among students living in western and central, rather than

Atlantic, provinces. The black-white test gap, on the other hand, does not differ as

markedly between high- and low-income students or between single parent and two

parent families, although the relation between the test gap and birth weight is similar

to that of the Indigenous-white test gap. The black-white test gap is entirely driven

by students living in central Canada. There are no other outstanding patterns in the

advantage Chinese and South Asian students have over white students.

We should remain cautious in interpreting the magnitude of the test score gap,

as a potential confounding factor of our analysis lies in the way in which the math
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test is administered. As discussed above, parents had to consent to the test in the

household section of the interview prior to its administration. Unfortunately, in some

waves the response rate for the math component was actually quite low. For instance,

approximately 50% of students in grade 2 and above completed the test in cycle 1.

To account for the possibility that households who did not consent to the test were in

some way different from those who did consent, we run additional estimations using

a Heckman selection model (Heckman, 1979). These results are found in Table B.2

and suggest that selection into writing the math test leads to a bias in the coefficient

estimates of the test score gap. Although the largest change in coefficient estimates

occurs in the estimate of the Black-White test gap, the Indigenous-White test gap

also decreases in magnitude from -0.313 to -0.220.

Oaxaca-Blinder Decomposition

To further understand the determinants of the average test score gap we estimate

Oaxaca-Blinder (OB) decompositions. This methodology allows us to examine the

relative importance of differences in the levels of observable characteristics, like in-

come, have contributed to the mean test gap between minority and white students,

and the importance of the returns to these characteristics. In what follows, we use

the notation from Fortin et al. (2011). The main purpose of the OB methodology

in our context is to decompose the overall difference in average test scores between

minority (M) and white (W) students:

∆̂µ
Y = ȲM − ȲW
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into an unexplained component that captures differences in the returns to the co-

variates and an explained component that captures differences in the levels of the

covariates:

∆̂µ
Y = (α̂M − α̂W ) +

K∑
k=1

X̄Mk(θ̂Mk − θ̂Wk)︸ ︷︷ ︸
Unexplained

+
K∑
k=1

(X̄Mk − X̄Wk)θ̂Wk︸ ︷︷ ︸
Explained

,

where α̂g0 and θ̂gk, k ∈ {1, . . . , K} and g ∈ {I,N} are the estimated intercept and

slope coefficients of equation 3.1 for minority and white students.

The intuition of the OB decomposition is that minority and white households

may differ across several observable characteristics that are important determinants

of children’s test scores. For example, as we show in Table 3.3 the average Indige-

nous household is poorer and parents have lower levels of education than the average

non-Indigenous household. These level differences certainly play a role in the test gap

observed between Indigenous and non-Indigenous children, which would be captured

by the explained portion of the OB decomposition. On the other hand, if Indigenous

and non-Indigenous groups face differences in the returns to these observables, per-

haps due in part to discrimination, this would be reflected by the unexplained portion

of the decomposition. It is important to note that, while the OB decomposition is

a useful tool to examine the structure of the test gap between minority and white

students, it does not provide causal estimates of the various factors that contribute

to the test gap. Rather, the OB decomposition suggests possible reasons why we

observe differences in test scores.

Table 3.6 displays the results from the overall decomposition. Each column

presents the results of the OB decomposition for a separate minority group with
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respect to white students. The first two rows reiterate what the descriptive statistics

show–the average standardized test score for white students is -.0542. For those who

identify as Indigenous, the average standardized test score is approximately -0.619

compared to -.473 for those who identify as black, .559 for those who identify as Chi-

nese, and .135 for those who identify as being South Asian. The third row summarizes

the difference between test scores of non-minority students and each respective ethnic

group–e.g., ȲM − ȲW = 0.565 for Indigenous students. The last two rows decompose

this gap into a portion that is attributable to differences in observable characteristics

(the explained part) and a portion that is attributable to difference in returns (the

unexplained part). What is immediately clear is that differences in returns account

for more of the gap as differences in observables for all groups.

Approximately 36.64% of the difference in test scores between Indigenous and

white students is attributable to the fact that these groups have different levels of

covariates. Similarly, 46.30% of the black-white test gap is attributable to this ex-

plained portion. What is troubling, is that this means that 63.36% of the difference

in test scores between Indigenous and white students is attributable to the unex-

plained component, which represents differences in the returns to covariates. While

not exactly easy to target, differences in the levels of covariates provide somewhat

clear policy interpretations. For example, if Indigenous families have, on average,

lower incomes than white families, and if this contributed in a meaningful way to the

test gap, then the policy implication would be to provide income assistance to these

families. However, a difference in the return to covariates has a less straightforward

interpretation and consequently, a less straightforward set of policy implications.

The full characteristic level decomposition can be found in Table B.3. This exercise
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suggests that household income, parental education, teenage pregnancies, and single

parent households are driving the majority of the explained gap in test scores. Policies

targeted accordingly may assist in reducing the test score gap.

For the Indigenous-white test gap, the only variables that are statistically different

from zero are the number of siblings, whether the primary care giver has a high

school degree, whether the spouse has a post-secondary degree, and whether the

student attends a public school, catholic school, or is missing the school category.

The interpretation of the coefficient on the number of siblings is for each additional

sibling, non-Indigenous students test score increases by 0.249 standard deviations

more than for Indigenous students. Thus the return to having siblings is higher for

non-Indigenous students than for Indigenous students.

Similarly, the interpretation of the coefficient on whether the primary care giver

has high school is that the average test score of a non-Indigenous student whose

primary care giver has a high school degree increases by 0.430 standard deviations

more than the increase in test scores achieved when an Indigenous student’s primary

care giver has a high school degree. One finding of particular interest is that there

are no differences in the returns to attending public schools between Indigenous and

white youth. This is in contrast to the results in Fryer and Levitt (2004) who suggest

that the leading explanation for the worsening of the black-white test gap across ages

is that blacks attend worse quality schools than whites. Our findings are perhaps

promising along this front, as they suggest that the Canadian public school system

may have the potential to equalize the playing field for traditionally marginalized

groups. Of course this result comes with the caveat that we cannot speak to school

quality on reserves, which are notoriously underfunded and have a history of worse
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educational outcomes.

For black students, the return to having more siblings is also lower than for white

students, and so is the return to income, and the primary care giver’s education. In-

terestingly, white children in single parent families perform 0.342 standard deviations

lower than black children from single parent families. This result differs markedly

from the Indigenous-white test gap. Although it is difficult to target the unexplained

portion of the test gap, the results of the OB decomposition suggest that universal

policies may not be the answer to addressing the test score gap across all minority

groups.

3.3.2 Distributional Analysis: Going Beyond the Mean

The previous set of results are useful for quantifying the test gap over time, across

ages, and more generally, but they do not reveal whether there are inequalities at dif-

ferent parts of the distribution of test scores. In this section we address this question

in part, by using quantile regressions to examine the gap across the full distribu-

tion of test scores, in addition to implementing the decomposition methodology of

Lemieux (2002) to evaluate the contribution of the levels of and returns to covariates

at explaining the test gap at different points in the distribution of test scores. This

decomposition method generates three counterfactual distributions: the first counter-

factual distribution applies the coefficients from non-Indigenous students to Indige-

nous students; the second counterfactual re-weights the distribution of Indigenous

test scores to have the same distribution of covariates as the non-Indigenous group;

the final counterfactual applies both the counterfactual coefficients and covariates to

the Indigenous test score distribution.
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Quantile Regression

To get a sense of the magnitude of the test gap at different points in the distribution,

Table 3.7 displays both the uncontrolled and controlled results of estimating equa-

tion 3.1 by quantile regressions. Although the Indigenous-white test gap seems to be

slightly larger in higher quantiles, a discernible pattern does not exist in either the

uncontrolled, nor the controlled quantile regressions. The black-white test gap is also

generally larger for higher quantiles and the test gap for South Asian and Chinese

students is fairly constant throughout the distribution.

Figure 3.1 displays the estimates of the test gaps from the controlled quantile

regressions. The dashed lines and small dotted lines indicate the average test score

gaps and 95% confidence intervals, respectively, while the solid lines and grey areas

display the test score gaps at different quantiles, along with the 95% confidence bands.

Although the OLS estimates generally lie well within the confidence bands of the

quantile estimates, the figure illustrates a that for Indigenous and black students the

test gap is larger in the right tail of the distribution.

An alternative way of summarizing differences across quantiles that is invariant

to monotone transformations of the test score distribution is to cross reference per-

centiles. Figure 3.2 displays the empirical cumulative density functions for Indigenous

and non-Indigenous students. If there were no differences in the distribution of test

scores, 10% of Indigenous students would score below the 10th percentile of the non-

Indigenous distribution, 25% of Indigenous students below the 25th percentile of the

non-Indigenous distribution, and so forth. The reality is much different. Table 3.2

summarizes the differences between the empirical distributions by analyzing the per-

cent of Indigenous students scoring below specific percentiles of the non-Indigenous
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distribution. At all percentiles, Indigenous students score lower on their mathematics

test. Nearly 25 percent of Indigenous students score below the 10th percentile of

non-Indigenous students, 50 percent below the 25th percentile, and nearly 95 percent

below the 75th percentile of non-Indigenous students.

Unlike the mean analysis, this exercise is invariant to monotone transformations

of the test score distribution. Figure 3.2 and Table 3.2 show that the test gap exists

across the whole distribution of test scores and is therefore not a phenomenon that

occurs only at the mean, or in the tails of the distribution.

Lemieux (2002) Methodology

To further our understanding of differences across the distribution of test scores,

we use the decomposition method of Lemieux (2002). This allows us to evaluate the

relative importance of differences in the levels of observable characteristics–like income

or parental education–versus difference in the returns to the same characteristics in

explaining differences in the distribution of test scores between minority and non-

minority youth. In some sense, this technique is a generalization of the popular

Oaxaca (1973) and Blinder (1973) decomposition of means to a decomposition of the

full distribution of test scores. We focus here on the test score gap between Indigenous

and non-Indigenous students, due to the fact that the larger number of Indigenous

(compared to, e.g., Black) students in the dataset permits this type of distributional

analysis.

The first step is to estimate the relationship between the test gap and the set of

observables separately for the Indigenous (I) and non-Indigenous (N) samples:

Yi,r,a,s = α + Xi,a,sθ + δa + γs + ζr + εi,r,a,s, (3.2)
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from which we can obtain the predicted values from the non-Indigenous regression,

Xi,a,sθ̂
N , and the residuals from the Indigenous regression, ε̂Ii,r,a,s. Together, these two

vectors give the distribution of test scores under the counterfactual scenario where

Indigenous students are assigned the same returns to characteristics as their non-

Indigenous counterparts:

Y coef
i,r,a,s = Xi,a,sθ̂

N + ε̂Ii,r,a,s (3.3)

To account for differences in the distribution of covariates, we run a probit model

of the Indigenous indicator on our full set of covariates:

Indigenousi,r,a,s = Xi,a,sΨ + δa + γs + ζr + ui,r,a,s, (3.4)

from which we obtain P I
i,r,a,s, the predicted probability that individual i from region

r of age a in survey s with covariates Xi,a,s is Indigenous:

P I
i,r,a,s = Pr(Indigenous = 1|Xi,a,s)

We use this probability, combined with the unconditional probability of being Indige-

nous, P I , to create a weighting factor that re-weights the covariates of the Indigenous

population to have the distribution of covariates of the non-Indigenous population:

ωcovari,r,a,s =
1− P I

i,r,a,s

P I
i,r,a,s

∗ P I

1− P I
∗ ωi,r,a,s,

where ωi,r,a,s are the original sampling weights included in the survey. This re-

weighting exercise produces the distribution of test scores under the counterfactual

scenario where Indigenous students are assigned the same level of covariates as the
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Table 3.1: Procedure for Generating Counterfactual Distributions

Variable Weight Distribution
Yi,r,a,s ωi,r,a,s Raw distribution

Y coef
i,r,a,s ωi,r,a,s Coefficients

Yi,r,a,s ωcovar
i,r,a,s Covariates

Y coef
i,r,a,s ωcovar

i,r,a,s Coefficients and covariates

non-Indigenous population.

We use the two counterfactuals, Y coef
i,r,a,s and ωcoveri,r,a,s to estimate three counterfactual

test score distributions for those who identify as Indigenous: one in which Indigenous

students have the same level of covariates as the non-Indigenous population, one in

which the returns to covariates are the same, and one in which both the level and

returns are the same. Once each of these components is account for, the remaining

difference in test scores is attributed to unobserved differences between Indigenous

and non-Indigenous students.21 Table 3.1 describes how we combine each of the

counterfactuals to produce a distribution.

Like the OB decomposition, the Lemieux (2002) decomposition does not produce

causal estimates of the various factors that contribute to the test gap. It simply

suggests possible reasons why we observe differences in test scores between Indigenous

and non-Indigenous students at different points in the test score distributions, which

may assist in better targeting policies to assist in reducing the test score gap.

Figure 3.3 presents the three counterfactual distributions to the true distribution

of test scores. Table 3.8 summarizes the differences between each counterfactual In-

digenous distribution and actual non-Indigenous distributions using OLS and quantile

21The unobserved component may be either level differences or differences in the returns to un-
observables. We do not differentiate between the two here.
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regression.

Figure 3.3a begins by displaying the true distributions of standardized test scores

for the Indigenous and non-Indigenous populations to demonstrate how they differ ini-

tially. These distributions are the raw standardized test score distributions weighted

by the survey weights included in the NLSCY. They do not correct for age, cycle, or

CMA-province fixed effects. As was evident from the previous set of OLS regressions,

we can see that there are large differences in the means of the two groups, but there

are also other differences that would not be apparent from simply analyzing the mean.

Most notably, the non-Indigenous distribution has a much longer right tail. The first

panel in Table 3.8 summarizes the results of Figure 3.3a, where we see that the test

score gap in the 90th percentile is over 0.2 standard deviations larger than at the 10th

percentile.

Figure 3.3b shows how the non-Indigenous distribution compares to the counter-

factual Indigenous distribution constructed from assigning the non-Indigenous coef-

ficients (Y coef
i,r,a,s) to the Indigenous group. This exercise eliminates most of the gap

in the left tail of the distribution, but does little to bring the right tail of the In-

digenous distribution closer to that of the non-Indigenous distribution. In panel B

of Table 3.8, we see that the test gap is almost 0 and statistically insignificant at

the 10th percentile, but only reduces in magnitude from -0.759 to -0.649 at the 90th

percentile.

Re-weighting the characteristics of Indigenous students to be comparable to those

of non-Indigenous students (ωcovari,r,a,s) appears to be less effective at reducing the test

gap. This counterfactual distribution is displayed in Figure 3.3c and is slightly to the

right of the original Indigenous distribution, indicating that level differences do play
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a small role in reducing the test gap. Panel C of Table 3.8 tests whether the differ-

ences between the counterfactual covariate distribution and the actual distribution

are statistically significant. The test score gap is reduced in the 10th percentile, from

approximately -0.523 to -0.352, and this difference is statistically significant. At the

90th percentile there is no change in the test score gap.

The final counterfactual distribution computes the combined effect of both coun-

terfactual coefficients and covariates. Figure 3.3d displays this counterfactual. The

counterfactual distribution from the combined coefficient and covariate effects lies to

the right of the original distribution for the lower tail, suggesting that the combined

effect more than eliminates the test score gap for the lowest quantiles. Panel D of

Table 3.8 reveals, however, that this difference is not statistically different from 0.

The test gap is reduced from -0.664 to -0.270 at the median, from -0.792 to -0.493 at

the 75th percentile, but remains unchanged at the 90th percentile.

Interestingly, the results of this decomposition exercise suggest that once we have

accounted for differences in the returns and levels of the observable characteristics,

unobservable factors no longer help to explain the test gap for the lower end of the

distribution, but continue to play a sizeable role at the upper end. The covariate

analysis provides a starting point for policy makers to target specific characteristics–

parental education, income, teenage pregnancies, low birth weight, etcetera–that can

assist in reducing the gap amongst the lowest performing students. There are many

possible policy tools when it comes to addressing differences in the levels of covariates.

For instance, guaranteed basic income programs22 could be used to address income

22The effectiveness of the basic income programs, or social assistance programs more generally,
to adequately address poverty without reducing labour supply has been debated. Throughout the
1960s and 1980s, the U.S. government conducted a series of basic income experiments, from which
the major finding was that labour supply declined by about 13% from an initial work effort of 35
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disparities, or post-secondary funding programs23 to address educational disparities.

The findings of the counterfactual coefficient analysis, although useful in that they

explain a large portion of the gap in test scores at the lowest end of the distribution,

do not lend themselves to straightforward policy interpretations, as differences in

the returns to covariates may represent a number of phenomena. For instance, they

may represent differences in school quality, discrimination, or differences in parents’

willingness to invest in children given their level of education. Understanding which,

if any, of these factors can explain why Indigenous students face different returns

to their characteristics compared to non-Indigenous students will require additional

work to examine each of these channels.

Finally, accounting for differences in the returns to and levels of covariates does

not eliminate the test gap in the highest end of the distribution. This suggests

that unobservable characteristics–either the levels of unobservables or the returns to

unobservables–explain a large portion of the gap in the upper tail. This result is

perhaps the most worrying of all our findings, since it suggests that without more

research on the determinants of the test score gap, there is little that can be done in

terms of implementing policies that will assist in reducing the gap in the highest end

of the distribution.

hours per week, with larger effects among women than men (Levine et al., 2005). In the Canadian
context, Forget (2011) finds that guaranteed annual income implemented in the 1970s had positive
effects on the health of individuals affected by the program, but does not look at labour supply
specifically.

23For instance, (Jones, 2017) finds that cutbacks to student aid programs for Indigenous people
in the late 1980s had large detrimental effects on educational outcomes.
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3.4 Conclusion

This paper quantifies the gap in math test scores between minority and non-minority

youth in Canada with a particular focus on the Indigenous-white test gap. We use

data from the National Longitudinal Survey of Children and Youth (NLSCY) to doc-

ument that, conditional on a rich set of controls, including household income, parental

education, and other background characteristics, test scores are approximately 0.310

standard deviations lower for Indigenous students in comparison to white students.

While not quite as large as the estimates of the test gap between American Indian

and white students found by Clotfelter et al. (2009), we suggest our results are a lower

bound on the true test gap since our sample does not include the on-reserve popula-

tion, where the quality of education can be lower than in urban centres. Leaving out

the on-reserve population excludes just under half of Indigenous students in Canada.

Studies of the test gap have traditionally focussed on the United States and on

differences between black and white students. We find a black-white test gap of

approximately 0.335 standard deviations, which is slightly smaller than the estimates

uncovered in the American studies (Fryer and Levitt, 2004, 2006; Clotfelter et al.,

2009), and consistent with other work we find that Asian students are ahead of

their white counterparts. The results of an Oaxaca-Blinder decomposition suggest

that a potential difference between the Canadian and American contexts lies in the

differences in the public school systems between the two countries. We find that the

type of school students attend does not contribute substantially to the test gap for

either Indigenous or black students, whereas Fryer and Levitt (2004) show that the

black-white test gap appears among children in public schools, but not in private

schools. The difference in findings between our study and Fryer and Levitt (2004)
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suggests that the Canadian public school system may be better equipped to equalize

outcomes between minority and non-minority groups.

Looking beyond mean differences in test scores, we use the decomposition method

of Lemieux (2002) to show that if Indigenous peoples had the same level of covariates

and returns to characteristics as their non-Indigenous counterparts, the test gap be-

tween Indigenous and non-Indigenous students in the lowest quantiles of the test score

distribution would be more than eliminated, but that the test gap at the top of the

distribution would be unaffected. We are the first paper to apply this decomposition

method to test scores, and the results of this exercise suggest that it is an impor-

tant tool for understanding between-group differences across the whole distribution

of achievement outcomes.

While our results are in line with previous studies that show socioeconomic factors

contribute considerably to the difference in test scores between minority and non-

minority students, the findings of both the Oaxaca Blinder and the Lemieux (2002)

methodology point to some difficulties in determining the most appropriate policies for

reducing the test gap. First, general differences across ethnicities suggest that there

is no “one size fits all” policy to reduce educational disparities among disadvantaged

groups more broadly. Second, the majority of the test gap is attributable to differences

in the returns to characteristics, rather than in the level of these characteristics. Since

returns may differ for a variety of reasons, uncovering the why behind such variation

in the return to observables is an important subsequent step in understanding which

policies may best address the test gap. We leave this for future work.
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3.5 Tables and Figures

Table 3.2: Assessment of Bias from Omitting LICO

Full Sample Has LICO LICO Control
Indigenous -0.450∗∗∗ -0.456∗∗∗ -0.380∗∗∗

(0.057) (0.057) (0.047)

LICO Ratio 0.0920∗∗∗

(0.007)
Observations 34700 34500 34500
Adj. R2 0.113 0.112 0.133

Notes: The dependent variable in each column is the standardized math score. Standard errors
clustered by province are in parentheses. All columns include CMA-province, age, and survey wave
fixed effects. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 3.3: Descriptive Statistics by Indigenous Identity

Indigenous Non-Indigenous Difference

Math Score -0.619 0.058 -0.677∗∗∗

(0.057) (0.009) (0.058)
Male 0.559 0.488 0.071∗∗

(0.031) (0.004) (0.031)
Child’s Age 11.513 11.833 -0.321∗∗∗

(0.151) (0.017) (0.152)
PCG High School 0.747 0.855 -0.108∗∗∗

(0.024) (0.003) (0.025)
PCG Post Secondary 0.287 0.432 -0.145∗∗∗

(0.026) (0.004) (0.027)
Spouse High School 0.371 0.666 -0.295∗∗∗

(0.032) (0.004) (0.032)
Spouse Post Secondary 0.213 0.364 -0.151∗∗∗

(0.028) (0.004) (0.029)
Low Birth Weight 0.028 0.060 -0.031∗∗∗

(0.008) (0.002) (0.008)
Teenage Mother 0.065 0.033 0.032∗∗∗

(0.010) (0.001) (0.010)
Number of Sibilings 1.502 1.389 0.113

(0.072) (0.008) (0.072)
LICO Ratio 1.596 2.265 -0.670∗∗∗

(0.047) (0.013) (0.049)
Public School 0.645 0.604 0.041

(0.031) (0.004) (0.031)
Catholic School 0.123 0.137 -0.014

(0.017) (0.003) (0.017)
Other School 0.036 0.008 0.029∗∗∗

(0.010) (0.001) (0.010)
Missing School 0.178 0.202 -0.025

(0.027) (0.003) (0.027)
Single Parent 0.442 0.193 0.249∗∗∗

(0.033) (0.003) (0.033)
Identifies Black 0.009 0.011 -0.002

(0.002) (0.001) (0.002)
Identifies White 0.415 0.602 -0.187∗∗∗

(0.031) (0.004) (0.032)
Indigenous Ancestry 0.717 0.038 0.680∗∗∗

(0.034) (0.001) (0.034)

Notes: All descriptive statistics are calculated using the survey weights provided in the

NLSCY. The last column presents difference-in-means tests where ∗p < 0.1, ∗∗p < 0.05,
∗∗∗p < 0.01.
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Table 3.4: Difference in Test Scores between Indigenous and Non-Indigenous Youth

(1) (2) (3) (4) (5) (6) (7)
Indigenous -0.447∗∗∗ -0.364∗∗∗ -0.361∗∗∗ -0.346∗∗∗ -0.308∗∗∗ -0.310∗∗∗ -0.310∗∗∗

(0.054) (0.044) (0.046) (0.044) (0.058) (0.055) (0.053)

Black -0.445∗∗∗ -0.369∗∗∗ -0.375∗∗∗ -0.355∗∗∗ -0.326∗∗∗ -0.341∗∗∗ -0.335∗∗∗

(0.068) (0.074) (0.077) (0.076) (0.080) (0.078) (0.076)

South Asian 0.111∗∗ 0.177∗∗∗ 0.178∗∗∗ 0.168∗∗∗ 0.163∗∗∗ 0.182∗∗∗ 0.183∗∗∗

(0.039) (0.039) (0.037) (0.039) (0.031) (0.035) (0.033)

Chinese 0.491∗∗∗ 0.480∗∗∗ 0.477∗∗∗ 0.475∗∗∗ 0.497∗∗∗ 0.500∗∗∗ 0.487∗∗∗

(0.039) (0.055) (0.059) (0.060) (0.060) (0.061) (0.077)

Other -0.0217 0.00933 0.00919 0.0104 0.0105 0.0146 0.0139
(0.041) (0.043) (0.043) (0.044) (0.045) (0.044) (0.044)

Immigrant 0.280 0.331 0.329 0.324 0.280∗ 0.277 0.254
(0.182) (0.194) (0.196) (0.194) (0.150) (0.152) (0.143)

LICO Ratio 0.0923∗∗∗ 0.0921∗∗∗ 0.0882∗∗∗ 0.0637∗∗∗ 0.0619∗∗∗ 0.0577∗∗∗

(0.008) (0.008) (0.008) (0.002) (0.003) (0.003)

Male -0.0318 -0.0317 -0.0330 -0.0317 -0.0343
(0.049) (0.049) (0.046) (0.046) (0.044)

Single Parent -0.0625∗∗∗ 0.103∗∗∗ 0.103∗∗∗ 0.0994∗∗∗

(0.016) (0.014) (0.014) (0.016)

Number of Siblings 0.0464∗∗∗ 0.0444∗∗∗ 0.0412∗∗

(0.012) (0.012) (0.013)

PCG High School 0.184∗∗∗ 0.173∗∗∗ 0.174∗∗∗

(0.019) (0.019) (0.019)

PCG Post-Secondary 0.132∗∗∗ 0.128∗∗∗ 0.120∗∗∗

(0.038) (0.038) (0.034)

Spouse High School 0.0986∗∗∗ 0.0952∗∗∗ 0.0984∗∗∗

(0.020) (0.020) (0.019)

Spouse Post-Secondary 0.158∗∗∗ 0.156∗∗∗ 0.148∗∗∗

(0.022) (0.022) (0.019)

Low Birth Weight -0.165∗∗∗ -0.163∗∗∗

(0.008) (0.008)

Teenage Mother -0.198∗∗∗ -0.195∗∗∗

(0.024) (0.026)

Public School 0.0196
(0.101)

Catholic School -0.0268
(0.126)

Private School 0.302∗∗

(0.123)

Other School 0.284∗

(0.148)

Constant 0.446∗∗∗ 0.257∗∗∗ 0.273∗∗∗ 0.291∗∗∗ -0.0881 -0.0550 -0.0575
(0.040) (0.037) (0.045) (0.046) (0.065) (0.065) (0.149)

Observations 34500 34500 34500 34500 34500 34500 34500

Adj. R2 0.120 0.140 0.140 0.141 0.164 0.167 0.171

Notes: The dependent variable in each column is the standardized math score. Standard errors clus-

tered by province are in parentheses. Omitted schooling categories is whether the school information

is missing, and the omitted category for parental education is no formal schooling. All columns in-

clude CMA-province, age, and survey wave fixed effects. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 3.6: Oaxaca-Blinder Decomposition of Test Score Gap

Indigenous Black Chinese South Asian
White -0.0542 -0.0542 -0.0542 -0.0542

(0.061) (0.061) (0.061) (0.061)

Minority -0.619∗∗∗ -0.473∗∗∗ 0.559∗∗∗ 0.135∗∗∗

(0.070) (0.063) (0.029) (0.016)

Difference 0.565∗∗∗ 0.419∗∗∗ -0.613∗∗∗ -0.190∗∗∗

(0.099) (0.068) (0.064) (0.055)

Explained 0.207∗∗∗ 0.194∗∗∗ 0.00591 0.0958∗

(0.048) (0.021) (0.067) (0.057)

Unexplained 0.358∗∗∗ 0.225∗∗∗ -0.619∗∗∗ -0.285∗∗∗

(0.074) (0.075) (0.067) (0.017)
Observations 24000 24000 24000 24000

Notes: The dependent variable in each column is the standardized math score. Standard errors
clustered by province are in parentheses. All columns include CMA-province and age fixed effects
and the decomposition is computed using the full set of controls. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.



CHAPTER 3. THE INDIGENOUS TEST SCORE GAP 86

T
ab

le
3.

7:
Q

u
an

ti
le

R
eg

re
ss

io
n

E
st

im
at

es
of

D
iff

er
en

ce
s

in
T

es
t

S
co

re
s

O
L

S
p
(1

0)
p
(2

5)
p
(5

0)
p
(7

5)
p
(9

0)

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0)

(1
1)

(1
2)

In
d
ig

en
ou

s
-0

.4
90
∗∗
∗

-0
.3

47
∗∗
∗

-0
.3

99
∗∗
∗

-0
.2

84
∗∗
∗

-0
.4

20
∗∗
∗

-0
.2

43
∗∗
∗

-0
.5

91
∗∗
∗

-0
.4

10
∗∗
∗

-0
.4

83
∗∗
∗

-0
.2

54
∗∗

-0
.4

45
∗∗
∗

-0
.3

60
∗∗
∗

(0
.0

61
)

(0
.0

60
)

(0
.0

29
)

(0
.0

46
)

(0
.0

53
)

(0
.0

48
)

(0
.0

31
)

(0
.0

39
)

(0
.1

56
)

(0
.1

01
)

(0
.1

28
)

(0
.1

12
)

B
la

ck
-0

.3
78
∗∗
∗

-0
.2

71
∗∗
∗

-0
.0

96
4

-0
.0

90
1∗

-0
.2

44
∗∗
∗

-0
.2

94
-0

.4
56
∗∗
∗

-0
.2

84
∗

-0
.4

61
∗∗
∗

-0
.4

48
∗∗
∗

-0
.3

86
∗∗
∗

-0
.3

13
∗∗
∗

(0
.0

96
)

(0
.0

95
)

(0
.3

59
)

(0
.0

55
)

(0
.0

64
)

(0
.2

10
)

(0
.0

52
)

(0
.1

65
)

(0
.0

53
)

(0
.0

71
)

(0
.1

33
)

(0
.1

21
)

S
ou

th
A

si
an

0.
19

7∗
∗

0.
25

8∗
∗∗

0.
28

7∗
∗∗

0.
41

9∗
∗∗

0.
14

6
0.

17
8

0.
15

4∗
0.

24
7∗
∗∗

0.
22

8∗
∗∗

0.
36

7∗
∗∗

0.
22

5∗
∗∗

0.
24

2∗
∗∗

(0
.0

91
)

(0
.0

90
)

(0
.0

41
)

(0
.0

37
)

(0
.1

54
)

(0
.1

41
)

(0
.0

86
)

(0
.0

44
)

(0
.0

28
)

(0
.1

34
)

(0
.0

62
)

(0
.0

40
)

C
h
in

es
e

0.
59

5∗
∗∗

0.
57

5∗
∗∗

0.
32

3∗
∗∗

0.
47

7∗
∗∗

0.
69

8∗
∗∗

0.
60

2∗
∗∗

0.
68

6∗
∗∗

0.
62

9∗
∗∗

0.
62

4∗
∗∗

0.
60

5∗
∗∗

0.
55

8∗
∗∗

0.
61

1∗
∗∗

(0
.0

87
)

(0
.0

91
)

(0
.1

11
)

(0
.0

66
)

(0
.1

29
)

(0
.0

60
)

(0
.1

28
)

(0
.0

94
)

(0
.0

53
)

(0
.0

45
)

(0
.0

68
)

(0
.0

33
)

O
th

er
-0

.0
11

4
0.

02
01

0.
01

89
0.

05
49
∗

0.
04

70
∗

0.
03

76
0.

00
15

2
0.

01
61

-0
.0

52
9∗

0.
00

62
2

-0
.0

76
3∗

-0
.0

39
5

(0
.0

27
)

(0
.0

26
)

(0
.0

42
)

(0
.0

30
)

(0
.0

27
)

(0
.0

28
)

(0
.0

30
)

(0
.0

27
)

(0
.0

29
)

(0
.0

30
)

(0
.0

45
)

(0
.0

35
)

C
on

tr
ol

s
3

3
3

3
3

3

O
b
se

rv
at

io
n
s

34
50

0
34

50
0

34
50

0
34

50
0

34
50

0
34

50
0

34
50

0
34

50
0

34
50

0
34

50
0

34
50

0
34

50
0

N
ot

es
:

T
h

e
d

ep
en

d
en

t
va

ri
ab

le
in

ea
ch

co
lu

m
n

is
th

e
st

a
n

d
a
rd

iz
ed

m
a
th

sc
o
re

.
A

ll
re

g
re

ss
io

n
s

in
cl

u
d

e
th

e
fu

ll
se

t
o
f

co
n
tr

o
ls

.
R

o
b

u
st

st
an

d
ar

d
er

ro
rs

ar
e

in
p

ar
en

th
es

es
.

A
ll

co
lu

m
n

s
in

cl
u

d
e

C
M

A
-p

ro
v
in

ce
,

a
g
e,

a
n

d
su

rv
ey

w
av

e
fi

x
ed

eff
ec

ts
.

T
h

e
o
m

it
te

d
et

h
n

ic
it

y
is

w
h

it
e,

so
th

at
al

l
co

effi
ci

en
t

es
ti

m
at

es
re

p
re

se
n
t

th
e

te
st

sc
o
re

g
a
p

re
la

ti
v
e

to
w

h
it

e
st

u
d

en
ts

.
∗ p
<

0.
1
,
∗∗
p
<

0.
0
5
,
∗∗
∗ p
<

0
.0

1
.



CHAPTER 3. THE INDIGENOUS TEST SCORE GAP 87

Table 3.8: Differences between Counterfactual Indigenous and non-Indigenous Dis-
tributions

OLS p(10) p(25) p(50) p(75) p(90)
Panel A: Actual Distribution

Indigenous -0.677∗∗∗ -0.523∗∗∗ -0.514∗∗∗ -0.664∗∗∗ -0.792∗∗∗ -0.759∗∗∗

(0.058) (0.061) (0.105) (0.041) (0.063) (0.061)

Panel B: Counterfactual Coefficients

Indigenous -0.325∗∗∗ -0.00120 -0.126∗ -0.282∗∗∗ -0.493∗∗∗ -0.649∗∗

(0.047) (0.243) (0.075) (0.021) (0.075) (0.272)

Panel C: Counterfactual Covariates

Indigenous -0.581∗∗∗ -0.353∗ -0.456∗∗∗† -0.640∗∗∗ -0.625∗∗∗ -0.759∗∗∗

(0.073) (0.211) (0.017) (0.194) (0.208) (0.074)

Panel D: Counterfactual Covariates and Coefficients

Indigenous -0.260∗∗∗ 0.216 0.0518 -0.270∗∗∗ -0.493∗∗∗ -0.754∗∗∗

(0.051) (0.218) (0.095) (0.035) (0.095) (0.059)

N. Obs 34500 34500 34500 34500 34500 34500

Notes: The dependent variable in each column is the standardized math score. Standard errors
clustered by province are in parentheses. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. † indicates that this
estimate was computed at the 25.3th percentile, as there was not enough variation at the 25th
percentile to compute the estimate.
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Figure 3.1: Test gap between minority and White students by Quantile

Figure 3.2: Empirical CDF of Indigenous and Non-Indigenous Test Scores
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Table 3.9: Percent of Indigenous Students Below Percentiles of Non-Indigenous Dis-
tribution

p1 p10 p25 p50 p75 p90 p99
Indigenous .025 0.24 0.50 0.78 0.94 0.99 1.00

(a) Raw Densities (b) Coefficients

(c) Covariates (d) Coefficients and Covariates

Figure 3.3: Comparison between the true distribution of Indigenous and non-
Indigenous test scores and the counterfactual distributions computed using the
methodology of Lemieux (2002).



Chapter 4

Timing of the Indigenous Test

Score Gap

4.1 Introduction

There is a large discrepancy in educational outcomes in Canada between Indigenous

and non-Indigenous Youth. According to the 2016 Canadian census, 92% of non-

Indigenous young adults (ages 20-24) have at least a high school diploma, which is

higher than Indigenous young adults living off reserve (75%) and those living on re-

serve (48%). With research showing the importance of education in outcomes related

to life-cycle earnings, health, and incarceration, Richard and Vining (2004) argue that

closing the education gap between Indigenous and non-Indigenous youth is crucial to

breaking the cycle of poverty amongst Indigenous peoples.

Previous research has shown important links between test score gaps and wage

differentials later in life. Neal and Johnson (1996) and O’Neill (1990) find most of the

black-white wage gap in the United States disappears once differences in test scores

90
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are accounted for. The previous chapter uses data from the National Longitudinal

Survey of Canadian Youth to show that the overall test score gap between Indigenous

and non-Indigenous youths aged 8 to 15 is approximately 0.31 standard deviations.1

Therefore, understanding when the Indigenous-white test score gap emerges and its

causes are of considerable policy interest.

The goal of this paper is to shed new light on the timing of the Indigenous-white

test score gap. We first determine the age at which the test score gap emerges. We

find that controlling for a small number of characteristics eliminates the raw test score

gap between Indigenous and white students up to age 12. From 12 to 15 years old the

test score gap is similar in size to the black-white test score gap in the United States,

with Indigenous students scoring approximately 0.5 standard deviations lower than

white students with similar characteristics.

The emergence of the test score gap as youths begin adolescence and enter middle

school may be indicative of Indigenous youth attending lower quality schools, or facing

discrimination that is adversely influencing their cognitive performance. Friesen and

Krauth (2010) find positive peer effects among Indigenous students - large numbers of

Indigenous peers tend to increase achievement. This may be indicative of schools with

large numbers of Indigenous students being more aware of issues facing Indigenous

youth, or, Indigenous students facing discrimination or bullying at schools that are

predominantly white.

Splitting the sample into a younger and older cohort, we use two decomposition

methods to provide a preliminary understanding of the possible mechanisms behind

the test score gap for those aged 12 to 15. Using an Oaxaca-Blinder decomposition, we

1As Chapter 3 notes, the NLSCY is not administered on Indian Reserves. As a result this is
likely a lower bound on the test score gap.
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find that the majority of the test score gap is due to differences in returns to covariates,

rather than differences in levels. In particular we find that observed differences in

parental income, as well as unobserved returns to school type are the most significant

factors behind the test score gap.

We then use a decomposition method from Lemieux (2002) to create three coun-

terfactual Indigenous test score distributions: (1) a distribution that gives Indigenous

youth the same returns to observables as white students; (2) a distribution that re-

weights the sample to give Indigenous youth the same level of covariates as white

youth; and (3) a distribution that gives Indigenous youth the same returns and levels

as white students. These counterfacutal distributions show that once we account for

differences in levels and returns to observables, the test score gap is eliminated for

those scoring below the mean. However, a sizeable test gap remains in the right tail

of the distribution.

In 1996 the Royal Commission on Aboriginal Peoples released their final report

outlining a 20 year agenda for addressing many issues faced by Indigenous peoples.

Part of the report underlined the failure of the education system with respect to

Indigenous youth and recommended a number changes in order to educate Indigenous

youth in a way that respected Indigenous culture and provided more equitable success

(Dunleavy, 2007). To understand whether the test gap has improved over time, we

estimate the size of the biennial test score gap between 1994 and 2009. We find that

there is no discernible trend in the Indigenous test score gap over this time period,

despite a renewed focus on Indigenous outcomes.

The work on differences in educational outcomes between Aboriginal and non-

Aboriginal people in Canada parallels a substantial literature in the United States
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that has concentrated on the underlying causes and consequences of differences in

educational attainment between African American and White students. Fryer and

Levitt (2004) show that the initial gap in test scores is eliminated after controlling

for a small number of covariates at school entry, but that this gap expands over the

first two years of schooling. The authors also explore possible sources of the test

gap, including school quality and home/neighbourhood environments. They find no

empirical evidence that supports either of these explanations of the test score gap.

This contrasts sharply with Hanushek and Rivkin (2006) which finds that the major-

ity of the widening black-white achievement gap is due to between-school differences,

rather than within-school differences. They point to school quality - the rate of

student turnover, the proportion of teachers with little or no experience, and stu-

dent racial composition - as the driving force behind the widening of the black-white

achievement gap as students age.

The remainder of our paper is outlined as follows. Section 4.2 provides back-

ground information on the education system in Canada and describes the data used

in the analysis. In Section 4.3 we outline the empirical strategy and present results.

Section 4.4 concludes.

4.2 Data and Background

To understand the timing of the test score gap between Indigenous and white stu-

dents we use the National Longitudinal Survey of Children and Youth (NLSCY),

a nationally representative longitudinal dataset administered from 1994 until 2009.

The survey tracks children from early childhood (less than 1 year of age) until they
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reach 25 years of age. The first sample of children aged 0 to 11 was drawn in 1994-

95, with a new cohort of 2,000 children aged zero to one added biennially. In order

to preserve the national representation of each cross-sectional sample, children were

added as necessary to each cohort.

There are several additional details regarding the NLSCY sampling that are worth

noting for this analysis. The sample is drawn from Canada’s ten provinces, excluding

those from Canadian territories, as well as those who are full-time members of the

Canadian Armed Forces, and people living on Indigenous Reserves. There is evidence

that Indigenous student outcomes are worse on reserves, which may indicate that the

test-score gap found in this paper is a lower bound.

The NLSCY contains information on standardized mathematics test scores and

information relating to parental education, income, ethnic background as well as other

demographic characteristics. In addition to the parental/child questionnaire there

were two additional modules completed. There is also a module for the interviewer,

which contains information on neighbourhood statistics including safety scores. The

first five waves of the NLSCY also include a teacher/principal questionnaire/module

that asked both objective and subjective questions regarding the student, classroom

and school. Questions include the number of students in a class and school, teacher

experience and qualifications, as well as the percentage of students from a number

of different ethnic backgrounds who attend the school. Unfortunately, there are few

schools that have more than one observation, meaning examining between and within

school effects is not possible.2

The test score used in this analysis is a mathematics test that is administered

2A preliminary analysis reveals no systematic difference in teacher qualifications, experience, or
number of students per class between those who identity as Indigenous and those who do not.
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to all students in the NLSCY grade 2 or above. The test was a shortened version

of the Mathematics Computation Test of the standardized Canadian Achievement

Test. It was designed to test a student’s understanding of the operations of addition,

subtraction, multiplication, and division. The test was 10 questions long for students

in grade 2 and 3, and 15 questions long for higher grades. The NLSCY provides

the raw score of correct answers, as well as a standard score. Standard scores were

developed based on a sample of Canadian children across all ten provinces, referred to

as the norm sample. This norm sample was selected by the Canadian Testing Centre.

For this analysis, we standardize the standard scores by age so that the test scores

have a mean of 0 and variance of 1 for each age.

The NLSCY does not directly contain information on family income but instead

reports a “LICO ratio”. This measure takes family income and divides it by the

low-income cut-off amount for a family of similar size and location.

To classify individuals by ethnic background we use a question that was added

in the 2000-01 wave of the dataset which asked: “How would you best describe your

race or colour?”. Students were allowed to pick from a number of categories including

“Inuit/Eskimo”, “Métis”, North American Indian, “Black”, “Chinese”, and “South

Asian”.3 We classify a student as Indigenous if they indicated they identified as

“Inuit/Eskimo”, “Métis”, or “North American Indian” in any one wave.4

We restrict the sample for our analysis to those who were eligible to write the

math test (ages 7-15). We also drop the first cycle of the dataset because a large

percentage of students in this wave received perfect raw scores on the math test,

3An additional question was added to the survey in the 2004-05 wave which asked specifically if
the individual identified as Indigenous.

4The NLSCY asked about ethnic/cultural ancestry in all waves of the NLSCY. Results using this
classification for ethnicity are similar, but test score gaps are smaller in size.
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resulting in low variation. A small sample size for children aged 7 also results in that

age being excluded from the analysis.

Table 4.2 provides summary statistics of the overall sample used in the analysis.

In the overall sample, the raw test score gap is .677 standard deviations. Indigenous

youth come from households with lower parental education and income. Additionally,

Indigenous students are more likely to be from single parent households and have

higher incidences of low birth weight.

Table 4.3 displays summary statistics by age cohort - young (aged 8 to 11) and

old (aged 12 to 15). There appear to be only small differences in levels of parental

education between the two cohorts. When we compare the cohorts to their white

peers, Indigenous students in the older cohort score further below their peers (.763

standard deviations) than the younger cohort (.462 standard deviations). Students

in the older cohort also have relatively lower income compared to their peers.

4.3 Empirical Strategy and Results

4.3.1 Test Gap by Age

Mean Test Score Gap

We begin by attempting to understand if the test score gap identified in Chapter 3 is

present as Indigenous children enter school or if it develops during schooling age. To

this end, we run a regression with the following specification for each age:

Yi,r,s = α +
∑
k

βk1(ethnicityi = k) + Xi,aθ + γs + ζr + εi,r,s (4.1)
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where Yi,a,s,r is the standardized math score of individual i from region r of age a

sampled in survey s. The set of indicators 1(ethnicityi = k), k ∈ Indigenous, black,

Chinese, South Asian, other, equals 1 if individual i is of the corresponding ethnicity.

The reference group for ethnicity is white. Xi,a,s is a matrix of control variables.5

We also control for cycle fixed effects (γs). As in Chapter 3, we include census

metropolitan (CMA) interacted with dummy variables for the province of residence,

ζr and standard errors are clustered at the provincial level.6 Regressions are weighted

by the survey weights that are provided by the NLSCY.

Table 4.4 displays the results from this regression while Figure 4.1 plots the co-

efficient on the ethnicity variables over ages. Table 4.4 indicates that up until the

age of 12, after controlling for the full set of covariates, those who identify as Indige-

nous do not score statistically differently than white students. However, from ages 12

to 15 students who identify as Indigenous score between approximately .30 and .55

standard deviations lower than their white counterparts. As seen in Figure 4.1 there

is no obvious downward trend over these ages, though the largest gap is the last year

of our sample when students are 15 years of age.

These results differ from the limited literature on the Indigenous test gap in

Canada. Friesen and Krauth (2010) find that the majority of the test score gap

is developed by the time students are in grade 3 (approximately 8 years of age), and

continues to grow between grades 3 and 8. One potential source of these conflicting

5The complete set of controls are: indicators for whether the child is an immigrant, their gender,
if they come from a single parent family, if they were born low birth weight, if they were born to a
teenage mother, if they attend a public, private, catholic, or other type of school, education levels
of their primary care giver and the primary care giver’s spouse, and we include continuous variables
that control for the LICO ratio, and the number of siblings.

6It should be noted that the small number of provinces means that our standard errors are highly
unreliable and should be interpreted with caution. In order to improve the accuracy of our results,
we are currently implementing the method outlined in (Roodman et al., 2018).
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results is the ordinal nature of test scores.7 There are a few substantial differences in

the data used in this paper and Friesen and Krauth (2010). The data in this study

are nationally representative rather than administrative data from British Colombia.

Additionally, the test measure used in Friesen and Krauth (2010) is the Founda-

tion Skills Assessment (FSA) rather than the Mathematics Computation Test. The

NLSCY also allows us to control for important family background variables such as

income and parental education.

Comparing these results to the international literature, our findings are somewhat

similar to Fryer and Levitt (2004), which finds that, after controlling for a small set of

observables, the black-white test score is not present as students enter kindergarten,

but develops during schooling years. A significant difference between Fryer and Levitt

(2004) and our results is that the we find that the test score does not develop until age

12, whereas Fryer and Levitt (2004) find that the test score gap emerges shortly after

children begin school. Our findings also differ slightly from Clotfelter et al. (2009)

who, similarly to Friesen and Krauth (2010), find that their estimates reveal a fairly

consistent test gap for students in grades 3 through 8 for Indigenous students in the

United States. In terms of the test score gap between other ethnicities, Figure 4.1

does not depict a similar downward trend in the black-white test gap found in Fryer

and Levitt (2004). We also do see a slight upward trend in the test gap between

Chinese and white students, which is similar to findings in Clotfelter et al. (2009).

For the subsequent analysis we break down the sample into two subsamples -

those who are between the ages of 8 and 11 (the younger cohort), and those between

7Recent literature has found that many of the conflicting results found in the black-white test
score gap literature are likely due to the ordinal nature of test scores. (Penney, 2017) proposes
a normalization of test scores that is invariant to monotonic transformations. This normalization
serves as a robustness check to make sure the outcomes are not simply a result of scaling.
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12 and 15 (older cohort). Tables C1 and C2 in the Appendix C show that after

simply controlling for other ethnic backgrounds as well as whether the child is an

immigrant there is no statistical difference in test scores between Indigenous and

white individuals in the younger cohort. This differs sharply from the older cohort,

where controlling for the complete set of covariates still leaves a test score gap of .373

standard deviations.

Oaxaca-Blinder Decomposition

We use a Oaxaca-Blinder Decomposition to decompose average test scores between

Indigenous and white students for the younger and older cohorts. Through this

exercise we attempt to understand whether it is the observed differences in levels

of such variables as LICO, parental education, and school type (as seen noted in

Section 4.2) or whether the differences in the returns to these variables are leading

to the mean test score gap seen in Tables C1 and C2. As noted in Chapter 3, this

technique does not provide causal estimates, but instead suggests possible reasons

why we observe differences in test scores between Indigenous and white youths.

The main purpose of the OB methodology in our context is to decompose the

overall difference in average test scores between Indigenous (IN) and white (W) stu-

dents. We decompose the overall different into a component that capture differences

in the returns to covariates, and an explained component that captures differences in

levels of the covariates.

∆̂µ
Y = ¯YIN − ȲW

∆̂µ
Y = (α̂IN − α̂W ) +

K∑
k=1

X̄INk(θ̂INk − θ̂Wk)︸ ︷︷ ︸
Unexplained

+
K∑
k=1

(X̄INk − X̄Wk)θ̂Wk︸ ︷︷ ︸
Explained

,
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where α̂g0 and θ̂gk, k ∈ {1, . . . , K} and g ∈ {I,N} are the estimated intercept and

slope coefficients of equation 4.1 for Indigenous and white students.

Results from the Oaxaca-Blinder decomposition are displayed in Table 4.6. The

first column provides the decomposition for the younger cohort, and the second for the

older cohort. Given that there is no statistical difference in test scores for the younger

cohort, we concentrate our analysis on the older cohort. The first two rows give the

mean test score for white and Indigenous students.8 The second column indicates that

approximately 34.5% of the gap in the older cohort is due to observed differences in

covariates between Indigenous and white youths, while the other approximate 65.5%

of the gap is due to difference in returns to these covariates.

The remainder of the column attributes the explained and unexplained portion

of the gap to the different covariates. Results indicate that the most important

factors that relate to the explained portion of the gap are observed differences in

LICO ratios, as well as parental education. This suggests that policies aimed at

raising income of Indigenous families, and increasing Indigenous high school and

post-secondary education rates could help reduce the test score gap for youths as

they enter adolescents. Given the fact that there are few observed differences in these

variables between the younger and older cohort, this also suggests that these factors

may play a more important role in human capital development as children age.

The main factors that influence the unexplained portion of the test gap are the

number of siblings a child has, whether the primary parent has a high school educa-

tion, as well as returns to public and catholic school types. The fact that Indigenous

students have different returns to school type suggests that schools are not serving

8These are slightly different than the test scores seen in Table 4.3 as some students identify as
more than one minority.
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their Indigenous students as well as their white counterparts. This may be due to

discrimination faced in school or lower school quality, and is consistent with the find-

ings of the Royal Commission on Aboriginal Peoples in 1996. This suggests that

further research into school quality, curriculum, and discrimination is integral to un-

derstanding the Indigenous test score gap.9 Policy implications are less clear for the

unexplained portion of the test gap as it relates to number of siblings and parental

education.

Lemieux Decomposition

In this section we use the decomposition method from Lemieux (2002) to go beyond

the mean, and illustrate how the distributions of test scores change when we change

the levels and/or returns of observable characteristics. We carry out this exercise for

both the younger and older cohort, but concentrate our discussion on the older cohort

where test score gaps are relatively large and statistically significant.

First, we estimate the regression specified in 4.1 separately for Indigenous (I)

and non-Indigenous individuals (N), by cohort:

Yi,r,a,s = α + Xi,a,sθ + δa + γs + ζr + εi,r,a,s, (4.2)

We obtain the fitted values from the non-Indigenous sample, Xi,a,sθ̂
N , as well

as the residuals from the regression on Indigenous individuals, ε̂Ii,r,a,s. These are

combined to create a distribution of test scores under the counterfactual situation

9Data limitations prevent a more detailed look at schooling for the older cohort as the teacher
questionnaire was done in early cycles where students were mostly younger than 12. Pooling the
entire sample together, a very preliminary analysis does not provide any evidence that Indigenous
youths face larger classrooms, or less qualified teachers/principals.
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where Indigenous youths are given the same returns to as non-Indigenous individuals:

Y coef
i,r,a,s = Xi,a,sθ̂

N + ε̂Ii,r,a,s (4.3)

Next, we predict the probability that individual i of age a in survey s is Indigenous

(P I
i,r,a,s), conditional on the full set of covariates:

Indigenousi,r,a,s = Xi,a,sΨ + δa + γs + ζr + ui,r,a,s, (4.4)

where:

P I
i,r,a,s = Pr(Indigenous = 1|Xi,a,s)

We then create a weighting factor that re-weights the full set of covariates of

the Indigenous population to have the same distribution of covariates as the non-

Indigenous population using P I
i,r,a,s as defined above, as well as the unconditional

probability of being Indigenous, P I .

ωcovari,r,a,s =
1− P I

i,r,a,s

P I
i,r,a,s

∗ P I

1− P I
∗ ωi,r,a,s,

where ωi,r,a,s are the original sampling weights included in the survey. This procedure

produces the counterfactual distribution of test scores if Indigenous youths are given

the same level of covariates as the non-Indigenous population.

We then use Y coef
i,r,a,s and ωcoveri,r,a,s to estimate three different counterfactual distribu-

tions:

1. Indigenous individuals have the same returns to covariates as non-Indigenous

individuals.
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Table 4.1: Procedure for Generating Counterfactual Distributions

Variable Weight Distribution
Yi,r,a,s ωi,r,a,s Raw distribution

Y coef
i,r,a,s ωi,r,a,s Coefficients

Yi,r,a,s ωcovar
i,r,a,s Covariates

Y coef
i,r,a,s ωcovar

i,r,a,s Coefficients and covariates

2. Indigenous students have the same levels of covariates as non-Indigenous stu-

dents.

3. Indigenous students have both the same returns and levels of covariates.

Table 4.1 describes how we combine each of the counterfactuals to produce the three

distributions.

Figures 4.2 and 4.3 present the counterfactual distributions for both the younger

and older cohorts. The Figures 4.2a and 4.3a are the weighted raw distributions

of test scores for Indigenous and Non-Indigenous youth for both for younger and

older cohorts. As the the mean test score gap regressions above showed, we see

large differences in the mean of the distributions for the older cohort. We can also

see that for both the younger and older cohort the right tail is much larger for the

non-Indigenous students.

Figures 4.2b and 4.3b display the counterfactual distributions where Indigenous

youth are given the same returns to covariates as their non-Indigenous counterparts.

For the older cohort this counterfactual distribution appears to shift the entire dis-

tribution to the right. However, there still appears to be a large difference in the
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right tail of the distributions. Given the results from the Oaxaca-Blinder decomposi-

tion, this exercise indicates that understanding why returns to school type differ for

Indigenous and non-Indigenous youth could play an important role for raising test

scores for much of the off-reserve Indigenous population.

Next, we examine Figures 4.2c and 4.3c which illustrates the counterfactual dis-

tribution for Indigenous students when they have the same levels of covariates as

non-Indigenous students. This counterfactual exercise appears to have little impact

on both Indigenous test scores in either tail of the distribution. Instead, giving In-

digenous youth the same level of covariates mainly shifts test scores of the middle of

the distribution. These findings suggest policies aimed at raising income and parental

education levels in the Indigenous population may not help raise test scores for those

who are having the most difficulty on these standardized tests.

The final counterfactual distribution, displayed in Figures 4.2d and 4.3d gives

Indigenous students both the same returns and levels. This counterfactual exercise

shifts the entire distribution of Indigenous test scores to the right, but there is still a

large difference in the right tails of the distribution.

4.3.2 Test Gap Over Time

Next we document whether the test gap has widened or narrowed over the period cov-

ered by the NLSCY. The NLSCY coincided with the release of the Royal Commission

on Aboriginal Peoples. This commission highlighted many issues facing Indigenous
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peoples in Canada, including education. We run the following regression to under-

stand how the test gap has evolved over time (δa are age fixed effects):

Yi,r,a = α +
∑
k

βk1(ethnicityi = k) + Xi,sθ + δa + ζr + εi,r,a (4.5)

Table 4.7 displays the full results, while Figure 4.4 plots the coefficient on Indigenous

and other ethnicities, over time. Examining Figure 4.4 we see that the second cycle in

1998 appears to be an outlier, with scores for Chinese and black students appearing

to be outside their trends. There does not appear to be any noticeable trends in the

test score gap between white students and any minority group including Indigenous

students. Chinese and South Asian students have higher test scores than their white

counterparts for all cycles in the NLSCY, while black and Indigenous students consis-

tently score lower. Table 4.7 shows that Indigenous students score between .3 and .4

standard deviations lower in all cycles where the coefficient estimates are significant

at the 10% level. Coefficients for 1996 and 1998 are not statistically significant.

Table 4.8 displays the results of a quantile regression where we divide the sample

up into three time periods: 1996 to 2000, 2002-2004, and 2004-2006. There does

not appear to be any discernible pattern or trend in any of the quantiles of the

distribution.

This lack of improvement of the Indigenous test gap coincided with a renewed

focus on the relationship between the Indigenous Canadians, the Canadian Govern-

ment, and Canadian culture as a whole. The Royal Commission on Aboriginal Peoples

issued a 4000 page report in 1996 that proposed 440 recommendations to make sweep-

ing changes to the relationship between Indigenous peoples, Canadian Government

agencies, and non-Indigenous Canadians. One of the major recommendations of the
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of the report was to address the failure of the education system’s for the Indigenous

population, citing the low high school graduation rate for Indigenous youth. The

Commission suggested that underfunding, a lack of mechanisms of accountability to

Indigenous peoples, lack of cultural compatibility, and a focus on childhood educa-

tion that left out important cultural components, were the primary reasons behind

the educations systems failure. Our finding that there was no improvement to the

test score gap for off-reserve Indigenous youth between 1994 and 2009 is troubling in

this context.

4.4 Conclusion

Indigenous youth have lower academic achievement than non-Indigenous youth in

Canada. To find out when Indigenous youth appear to fall behind their classmates

we document the Indigenous test score gap by age using a national representative

longitudinal dataset. After controlling for just a few characteristics, we are able to

eliminate the test score gap for students aged 8 to 11, however a sizeable test score

gap remains for those aged 12 to 15. These results differ substantially from research

that finds that the majority of the Indigenous-white test score gap is present at age

8.

We then split the sample into two cohorts - those aged 8 to 11, and those aged

12 to 15 - and apply two separate decomposition methods to understand what may

be driving these results. Using an Oaxaca-Blinder decomposition we find that the

majority of the test score gap for the older cohort is due to differences in returns

to covariates, particularly in school type. We also find the most important observed

differences include parental schooling and LICO scores.
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To move beyond simply analyzing the mean test score gap we apply the method-

ology from Lemieux (2002) to the older cohort. Using this methodology we construct

three separate counterfactual distributions. The first counterfactual distribution gives

Indigenous youth the same returns to covariates as non-Indigenous youth, and sug-

gests that there would improvements in Indigenous test scores for Indigenous youths.

However, there would still be large differences at the right tails of the distributions.

The second counterfactual re-weights the sample to give Indigenous youth the same

levels of covariates as non-Indigenous youths. We find that this counterfactual appears

to have little effect on the left or right tails of the Indigenous test score distribution.

The third counterfactual distribution combines the first two counterfactuals and gives

Indigenous youth the same returns and levels of covariates. This exercise eliminates

the test score gap in the left tail of the distribution, but there remains substantial

differences in the right tail of the distribution.

Lastly, we examine whether there has been any improvement in the Indigenous-

white test score gap between 1994 and 2009. We find that, despite a renewed focus

on Indigenous education due to the release of the Royal Commission on Aboriginal

Peoples, the test score gap did not narrow during this time period.

4.5 Tables and Figures

Table 4.4: Difference in Test Scores Between Aboriginal and Non-Aboriginal Students
by Age

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

Age 8 Age 9 Age 10 Age 11 Age 12 Age 13 Age 14 Age 15

Indigenous -0.185 -0.0837 0.0316 -0.262 -0.493** -0.494*** -0.296** -0.550**

Continued on next page
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Table 4.4 – Continued from previous page

(0.172) (0.185) (0.115) (0.196) (0.165) (0.148) (0.100) (0.176)

Black -0.383 -0.403*** -0.214 -0.682*** -0.0804 -0.508** -0.424** -0.233

(0.213) (0.048) (0.151) (0.103) (0.061) (0.217) (0.187) (0.236)

South Asian 0.140 0.590*** 0.231*** 0.401** -0.00872 0.225** 0.242* 0.114

(0.127) (0.108) (0.023) (0.134) (0.058) (0.077) (0.117) (0.188)

Chinese 0.860*** 0.0928 0.779*** 0.113* 0.694** 0.327*** 0.824** 0.404***

(0.229) (0.077) (0.061) (0.061) (0.235) (0.081) (0.289) (0.081)

Other 0.00603 0.0885 0.0872* -0.0755 0.105 -0.158 -0.00530 -0.0601

(0.054) (0.085) (0.045) (0.050) (0.100) (0.134) (0.076) (0.094)

Immigrant 0.450*** 0.534** 0.203 0.253*** 0.312 -0.0532 0.160 0.466

(0.109) (0.222) (0.192) (0.060) (0.222) (0.215) (0.163) (0.332)

Lico Ratio 0.0251 0.0119 0.0457*** 0.0761*** 0.0397* 0.0596** 0.0813*** 0.0960***

(0.023) (0.024) (0.010) (0.013) (0.018) (0.021) (0.010) (0.016)

Gender -0.0675* 0.0949 -0.00632 0.0194 -0.0719 0.00266 -0.0399 -0.139**

(0.036) (0.053) (0.088) (0.070) (0.064) (0.040) (0.069) (0.048)

Single Parent 0.110** -0.00639 0.0764** 0.103 -0.0249 0.165* 0.108 0.125

(0.038) (0.049) (0.032) (0.060) (0.039) (0.075) (0.069) (0.103)

No. of Siblings 0.00842 0.0626*** -0.00958 0.0304 0.0229 0.0430** 0.0426** 0.103**

(0.017) (0.018) (0.010) (0.042) (0.013) (0.018) (0.013) (0.035)

PCG High School 0.0413 0.215** 0.0633 0.177*** 0.237*** 0.125 0.229*** 0.275***

(0.036) (0.070) (0.044) (0.043) (0.043) (0.110) (0.043) (0.079)

Spouse High School 0.0978 0.0107 0.162*** 0.117 0.0827* 0.138*** 0.0450 0.0829*

(0.089) (0.026) (0.023) (0.102) (0.045) (0.040) (0.079) (0.042)

PCG Post-Secondary 0.0768** 0.107** 0.0976 0.158*** 0.0798 0.127*** 0.168** 0.134**

(0.027) (0.041) (0.057) (0.025) (0.085) (0.022) (0.052) (0.050)

Spouse Post-Secondary 0.225*** 0.159*** 0.101** 0.0713 0.101*** 0.249*** 0.200*** 0.0876

(0.037) (0.044) (0.034) (0.049) (0.021) (0.054) (0.057) (0.073)

Low Birth weight -0.161 -0.0841* -0.241*** -0.201* -0.109** -0.328*** -0.234*** -0.0140

(0.101) (0.043) (0.071) (0.103) (0.035) (0.087) (0.055) (0.056)

Teen mother -0.0972 -0.177 -0.161** -0.0443 -0.0770 -0.347*** -0.228*** -0.453***

(0.080) (0.142) (0.059) (0.077) (0.103) (0.106) (0.069) (0.132)

Public School -0.229 0.154 0.127 -0.227 -0.315 0.487* 0.100 -0.0250

(0.157) (0.357) (0.102) (0.208) (0.509) (0.220) (0.089) (0.167)

Catholic School -0.370** 0.264 0.0920 -0.283 -0.259 0.547** -0.0642 -0.229

(0.161) (0.217) (0.117) (0.198) (0.461) (0.182) (0.160) (0.183)

Private School -0.0603 0.352 0.226* 0.104 0.00385 0.715** 0.368 0.469**

Continued on next page
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Table 4.4 – Continued from previous page

(0.215) (0.312) (0.122) (0.169) (0.544) (0.227) (0.215) (0.162)

Other School -0.239 1.773 0.872** -0.597 0.0826 1.207** 0.00687 -0.0949

(0.372) (1.969) (0.275) (0.396) (0.351) (0.468) (0.218) (0.437)

Constant 0.420** -0.243 0.00803 0.292 0.465 -0.203 -0.711** -0.756**

(0.168) (0.428) (0.107) (0.204) (0.614) (0.244) (0.269) (0.283)

nObs 3680 3500 4530 4210 5080 4670 4530 4270

ar2 0.133 0.157 0.200 0.216 0.224 0.197 0.160 0.176

Standard errors in parentheses
Standard errors in parentheses clustered by province.
* p < 0.10, ** p < 0.05, *** p < 0.01

Table 4.6: Oaxaca-Blinder Decomposition of Test Score Gap

(1) (2)

Math Score - Young Math Score - Old

overall

White -0.399*** -0.107*

(0.064) (0.064)

Minority -0.512** -0.671***

(0.260) (0.085)

difference 0.113 0.564***

(0.223) (0.137)

explained 0.127* 0.194***

Continued on next page
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Table 4.6 – Continued from previous page

(0.074) (0.054)

unexplained -0.0141 0.369***

(0.190) (0.097)

explained

LICO 0.0302 0.0479**

(0.024) (0.023)

gender 0.00784 0.0116

(0.018) (0.008)

Single Parent -0.0106 -0.0310

(0.020) (0.027)

No. of Siblings -0.00117 -0.0133

(0.004) (0.016)

PCG High School 0.00194 0.0393*

(0.010) (0.020)

Spouse High School 0.0547 0.00946

(0.036) (0.009)

PCG Post-Secondary 0.0116 0.0377***

(0.024) (0.013)

Spouse Post-Secondary 0.0254 0.0209

(0.021) (0.032)

Continued on next page
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Table 4.6 – Continued from previous page

low birth weight 0.00154 -0.00316

(0.013) (0.003)

teen mother -0.000370 0.00231

(0.009) (0.002)

Public School -0.00664 -0.00643

(0.024) (0.022)

Catholic School -0.00699 0.0247

(0.012) (0.033)

Other School 0.00935* 0.000430

(0.005) (0.003)

unexplained

LICO Ratio 0.638*** -0.109

(0.171) (0.200)

Gender 0.0627 0.0289

(0.063) (0.084)

Single Parent 0.485*** 0.0137

(0.148) (0.100)

No. of Sublings 0.0546 0.316**

(0.084) (0.159)

PCG High school -0.448*** 0.361**

Continued on next page
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Table 4.6 – Continued from previous page

(0.142) (0.171)

Spouse High School 0.221 -0.207

(0.259) (0.166)

PCG Post-Secondary 0.237 0.122

(0.167) (0.083)

Spouse Post-Secondary -0.128 -0.0656

(0.111) (0.129)

low birth weight -0.000165 0.0242

(0.000) (0.019)

teen mother 0.136* 0.0215*

(0.071) (0.012)

Public School 0.00721 -1.143***

(0.706) (0.240)

Catholic School -0.111* -0.279**

(0.067) (0.115)

Private School -0.0291** -0.0423

(0.011) (0.036)

Other School -0.00935* -0.00341

(0.005) (0.003)

Constant -0.902 2.727***

Continued on next page
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(1.470) (0.557)

nObs 8000 18600

Standard errors in parentheses

Standard errors in parentheses clustered by province.

* p < 0.10, ** p < 0.05, *** p < 0.01

Table 4.7: Difference in Test Scores between Minority and White Students by Cycle

1996-1997 1998-1999 2000-2001 2002-2003 2004-2005 2006-2007 2008-2009

Indigenous -0.303 -0.538 -0.295** -0.170** -0.346** -0.380* -0.373*

(0.210) (0.350) (0.121) (0.073) (0.121) (0.176) (0.178)

Black -0.531*** -1.235*** -0.250* -0.260* -0.463*** -0.323 -0.220

(0.088) (0.193) (0.131) (0.119) (0.115) (0.286) (0.258)

South Asian -0.135 0.0877 -0.156 0.274*** 0.180*** 0.243** 0.446***

(0.348) (0.076) (0.095) (0.073) (0.044) (0.097) (0.095)

Chinese 1.019** 0.916** -0.0507 0.464** 0.424** 0.513*** 0.955***

(0.429) (0.388) (0.192) (0.149) (0.137) (0.131) (0.220)

Other 0.0368 -0.0906 0.0263 0.0432 0.00372 0.0176 0.0484

(0.074) (0.089) (0.053) (0.044) (0.085) (0.074) (0.081)

Immigrant 0.0476 0.438** 0.280 0.533 0.507* 0.0545 0.498***

(0.080) (0.188) (0.165) (0.351) (0.240) (0.192) (0.100)

LICO Ratio 0.0390 0.0642*** 0.0567*** 0.0523*** 0.0511*** 0.0777*** 0.0742***

(0.026) (0.006) (0.009) (0.007) (0.014) (0.010) (0.013)

Male -0.0406 0.0835 0.0138 -0.0120 -0.0922* -0.131 -0.204***

(0.026) (0.054) (0.046) (0.048) (0.046) (0.083) (0.051)

Single Parent 0.103 0.130 0.0620 0.0963** 0.155*** 0.0484 0.0345

(0.110) (0.079) (0.071) (0.035) (0.029) (0.039) (0.096)

Number of Siblings 0.00929 0.0776* 0.0798** 0.00760 0.0336*** 0.0470* 0.0320

(0.015) (0.035) (0.029) (0.021) (0.008) (0.024) (0.029)

PCG High School 0.146*** 0.0849* 0.229*** 0.156** 0.211*** 0.137** 0.150

Continued on next page
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(0.036) (0.041) (0.038) (0.054) (0.037) (0.057) (0.100)

PCG Post-Secondary 0.0588 0.143** 0.0982*** 0.0901*** 0.158* 0.212*** 0.251**

(0.068) (0.054) (0.028) (0.016) (0.073) (0.044) (0.100)

Spouse High School 0.135*** 0.202*** 0.0703 0.0933 0.125** -0.0362 -0.146

(0.033) (0.047) (0.047) (0.063) (0.050) (0.037) (0.111)

Spouse Post-Secondary 0.244*** 0.106 0.111* 0.122*** 0.109*** 0.242*** 0.209***

(0.022) (0.073) (0.052) (0.024) (0.013) (0.044) (0.063)

Low Birth Weight -0.293*** -0.238** -0.120 -0.0648* -0.147* -0.161 -0.243***

(0.057) (0.082) (0.089) (0.030) (0.066) (0.106) (0.055)

Teenage Mother -0.105 -0.208** -0.148* -0.289*** -0.198*** -0.273*** -0.214*

(0.059) (0.091) (0.074) (0.084) (0.058) (0.065) (0.105)

Public School 0.0228 -0.0747 . -0.342*** -0.937*** 0.185 0.300

(0.227) (0.124) (0.087) (0.081) (0.390) (0.169)

Catholic School 0.0151 0.0182 . -0.421*** -1.060*** 0.0509 0.116

(0.287) (0.116) (0.097) (0.070) (0.393) (0.161)

Private School 0.308* 0.330 . -0.137 -0.693*** 0.565 0.664***

(0.148) (0.266) (0.098) (0.056) (0.435) (0.200)

Other School . 6.642*** . -0.401** -0.880*** . .

(1.128) (0.164) (0.167)

Constant 0.0294 -0.505* -0.752*** -0.246 0.383*** -0.710 -0.712**

(0.338) (0.244) (0.159) (0.158) (0.088) (0.392) (0.260)

Observations 4780 4480 6160 7210 5830 3980 2030

Adj. R2 0.121 0.189 0.132 0.129 0.170 0.172 0.183

* p < 0.10, ** p < 0.05, *** p < 0.01

Notes: The dependent variable in each column is the standardized math score. Standard errors

clustered by province are in parentheses. Omitted schooling categories is whether the school in-

formation is missing, and the omitted category for parental education is no formal schooling. All

columns include CMA-province and age fixed effects.
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Table 4.2: Descriptive Statistics by Indigenous Identity (All Ages)

Indigenous Non-Indigenous Difference

Math Score -0.619 0.058 -0.677∗∗∗

(0.057) (0.009) (0.058)
Male 0.559 0.488 0.071∗∗

(0.031) (0.004) (0.031)
Child’s Age 11.513 11.833 -0.321∗∗∗

(0.151) (0.017) (0.152)
PCG High School 0.747 0.855 -0.108∗∗∗

(0.024) (0.003) (0.025)
PCG Post Secondary 0.287 0.432 -0.145∗∗∗

(0.026) (0.004) (0.027)
Spouse High School 0.371 0.666 -0.295∗∗∗

(0.032) (0.004) (0.032)
Spouse Post Secondary 0.213 0.364 -0.151∗∗∗

(0.028) (0.004) (0.029)
Low Birth Weight 0.028 0.060 -0.031∗∗∗

(0.008) (0.002) (0.008)
Teenage Mother 0.065 0.033 0.032∗∗∗

(0.010) (0.001) (0.010)
Number of Siblings 1.502 1.389 0.113

(0.072) (0.008) (0.072)
LICO Ratio 1.596 2.265 -0.670∗∗∗

(0.047) (0.013) (0.049)
Public School 0.645 0.604 0.041

(0.031) (0.004) (0.031)
Catholic School 0.123 0.137 -0.014

(0.017) (0.003) (0.017)
Other School 0.036 0.008 0.029∗∗∗

(0.010) (0.001) (0.010)
Missing School 0.178 0.202 -0.025

(0.027) (0.003) (0.027)
Single Parent 0.442 0.193 0.249∗∗∗

(0.033) (0.003) (0.033)
Identifies Black 0.009 0.011 -0.002

(0.002) (0.001) (0.002)
Identifies White 0.415 0.602 -0.187∗∗∗

(0.031) (0.004) (0.032)
Indigenous Ancestry 0.717 0.038 0.680∗∗∗

(0.034) (0.001) (0.034)

Notes: All descriptive statistics are calculated using the survey weights provided
in the NLSCY. The last column presents difference-in-means tests where ∗p < 0.1,
∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 4.3: Descriptive Statistics by Age Cohort

(a) Young Cohort: Ages 8 - 11

Indigenous Non-Indigenous Difference

Math Score -0.455 0.007 -0.462∗∗∗

(0.056) (0.008) (0.055)
Male 0.552 0.488 0.064

(0.029) (0.006) (0.037)
Child’s Age 9.40 9.60 -0.202∗

(0.152) (0.016) (0.151)
PCG High School 0.744 0.859 -0.115∗∗∗

(0.023) (0.003) (0.024)
PCG Post Secondary 0.256 0.411 -0.155∗∗∗

(0.028) (0.003) (0.025)
Spouse High School 0.368 0.668 -0.300∗∗∗

(0.029) (0.006) (0.029)
Spouse Post Secondary 0.211 0.356 -0.145∗∗∗

(0.024) (0.002) (0.027)
Teenage Mother 0.078 0.034 0.044∗∗∗

(0.013) (0.001) (0.016)
Number of Siblings 1.481 1.412 0.069

(0.069) (0.011) (0.071)
Low Birth Weight 0.031 0.062 -0.031∗∗∗

(0.008) (0.002) (0.008)
LICO Ratio 1.508 2.133 -0.625∗∗∗

(0.047) (0.013) (0.049)
Public School 0.617 0.578 0.039

(0.031) (0.005) (0.043)
Catholic School 0.109 0.141 -0.032

(0.017) (0.003) (0.004)
Other School 0.038 0.007 0.031∗∗∗

(0.012) (0.001) (0.011)
Missing School 0.239 0.241 -0.002

(0.027) (0.005) (0.039)
Single Parent 0.415 0.184 0.231∗∗∗

(0.053) (0.004) (0.045)

(b) Old Cohort: Ages 12 - 15

Indigenous Non-Indigenous Difference

Math Score -0.676 0.087 -0.763∗∗∗

(0.062) (0.009) (0.040)
Male 0.572 0.487 0.085∗∗

(0.029) (0.005) (0.039)
Child’s Age 12.189 12.697 -0.508∗∗

(0.155) (0.015) (0.151)
PCG High School 0.764 0.857 -0.093∗∗∗

(0.021) (0.005) (0.024)
PCG Post Secondary 0.303 0.445 -0.142∗∗∗

(0.025) (0.004) (0.024)
Spouse High School 0.377 0.665 -0.288∗∗∗

(0.034) (0.003) (0.031)
Spouse Post Secondary 0.211 0.369 -0.158∗∗∗

(0.029) (0.005) (0.028)
Teenage Mother 0.067 0.033 0.034∗∗∗

(0.014) (0.001) (0.011)
Number of Siblings 1.483 1.369 0.114

(0.080) (0.011) (0.097)
Low Birth Weight 0.037 0.058 -0.021∗∗∗

(0.007) (0.002) (0.006)
LICO Ratio 1.64 2.310 -0.670∗∗∗

(0.048) (0.014) (0.048)
Public School 0.674 0.614 0.060

(0.040) (0.006) (0.040)
Catholic School 0.123 0.135 -0.012

(0.018) (0.004) (0.021)
Other School 0.041 0.008 0.033∗∗∗

(0.011) (0.001) (0.013)
Missing School 0.144 0.187 -0.043

(0.032) (0.003) (0.0032)
Single Parent 0.725 0.198 0.274∗∗∗

(0.063) (0.003) (0.042)

Notes: All descriptive statistics are calculated using the survey weights provided in the NLSCY.
The last column presents difference-in-means tests where ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 4.5: Quantile Regressions of Test Gap by Age

OLS p10 p25 p50 p75 p90
8-9 Year Olds

Indigenous -0.165 0.0292 -0.0662 -0.205 -0.195 -0.281
(0.119) (0.214) (0.068) (0.252) (0.291) (0.211)

10-11 Year Olds

Indigenous -0.141 -0.00517 -0.0991∗∗ -0.170∗ -0.116∗ -0.0329
(0.112) (0.064) (0.042) (0.096) (0.061) (0.065)

12-13 Year Olds

Indigenous -0.570∗∗∗ -0.493 -0.519∗∗∗ -0.697∗∗∗ -0.733∗∗∗ -0.490∗∗∗

(0.110) (0.314) (0.072) (0.149) (0.224) (0.139)

14-15 Year Olds

Indigenous -0.446∗∗∗ -0.501∗∗∗ -0.258 -0.323∗∗ -0.525∗ -0.525
(0.121) (0.103) (0.257) (0.163) (0.290) (0.334)

Notes: Standard errors in parentheses clustered by province.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
All columns include a full set of controls and fixed effects.
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Table 4.8: Quantile Regressions of Test Gap Over Time

OLS p10 p25 p50 p75 p90

1996-2000

Indigenous -0.354*** -0.237 -0.238* -0.557*** -0.315 -0.540*

(0.120) (0.391) (0.126) (0.098) (0.279) (0.284)

2002-2004

Indigenous -0.290*** -0.0969 -0.158** -0.431*** -0.256*** -0.332***

(0.080) (0.067) (0.066) (0.130) (0.053) (0.064)

2004-2006

Indigenous -0.396*** -0.478 -0.436* -0.369*** -0.498*** -0.241

(0.120) (0.437) (0.238) (0.054) (0.135) (0.276)

N. Obs 15420 15400 15400 15400 15400 15400

Notes: Standard errors in parentheses clustered by province.

* p < 0.10, ** p < 0.05, *** p < 0.01

All columns include a full set of controls and fixed effects.
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Figure 4.1: Regression adjusted test gap between minority and white students by age.
Each cross section includes the coefficient estimates from a separate regression that
includes the full set of controls and fixed effects.
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(a) Raw Densities (b) Coefficients

(c) Covariates (d) Coefficients and Covariates

Figure 4.2: Younger Cohort: Comparison between the true distribution of Indigenous
and non-Indigenous test scores and the counterfactual distributions computed using
the methodology of Lemieux (2002).
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(a) Raw Densities (b) Coefficients

(c) Covariates (d) Coefficients and Covariates

Figure 4.3: Older Cohort: Comparison between the true distribution of Indigenous
and non-Indigenous test scores and the counterfactual distributions computed using
the methodology of Lemieux (2002).
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Figure 4.4: Regression adjusted test gap between minority and white students by
cycle. Each cross section includes the coefficient estimates from a separate regression
that includes the full set of controls and fixed effects.



Chapter 5

Conclusion

This thesis examined two areas related to family background and educational achievement. Chap-

ter 2 examines the relationship between family incomes, ability and college choice/graduation, while

Chapters 3 and 4 document the Indigenous-white test score gap.

Chapter 2 presents a life-cycle model of education, work, and savings decisions to understand

the role of financial constraints and preferences in college choice, progression, and graduation. Es-

timation of a multinomial logit model indicates a positive relationship between family income and

college quality, but is unable to determine if this relationship is due to credit constraints or individ-

ual preferences. To understand the role of credit constraints, we use generalized method of moments

to structurally estimate the model. While the estimated model under predicts on a number of key

dimensions, we are able to explore a number of counterfactual policy experiments. We find that

non-pecuniary benefits has a significant impact on enrolment at private colleges, and that loosening

potential credit constraints has little effect on college choice.

Chapters 3 and 4 explore the Indigenous-white test score gaps. With Indigenous youth grad-

uating high school and college at lower rates, and experiencing higher-than-average poverty rates,

understanding when Indigenous students fall behind is of considerable importance. We first docu-

ment the overall Indigenous-white test score gap for youths aged 8 to 15 and find that the test score

gap is approximately half as big as the black-white test score gap in the United States. We use two

decomposition methods to show that the test gap is eliminated for the left tail of the distribution
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once we account for differences in returns to observed characteristics, as well as differences in levels,

but the test score gap remains for the right tail.

Chapter 4 further explores the timing of the Indigenous-white test score gap. We find that after

controlling for just a few covariates, we are able to eliminate the test score gap for individuals aged

8 to 11. The test score gap emerges at 12 years old, and is approximately the same size as the

black-white test score gap for youth aged 12 to 15. We find that the majority of the test score gap is

due to returns to observables, and is driven by differences in returns to school type. Similar to the

findings in Chapter 3, we find that the test score gap is eliminated for the left tail of the distribution

once Indigenous youth are given the same returns and levels as white youth.

In Chapter 4 we also find that despite a renewed focus on Indigenous outcomes the test score gap

did not improve between 1994 and 2009. We find this results particularly troubling given the release

of the Royal Commission on Aboriginal Peoples and the 2015 release of the Truth and Reconciliation

report.

In general, Chapters 3 and 4 highlight the need for further research into Indigenous educational

outcomes. While we are able to document the size of the test score, when it emerges, and the

importance of levels and returns to covariates, we are unable to pinpoint the mechanism(s). Future

research is needed to understand whether there are significant differences in school quality between

Indigenous and non-Indigenous youth. However, this possibility is hampered by the lack of data on

Indigenous peoples in Canada, and in particular, data on Indigenous living on reserves.
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Gagné, R. (1968). Learning hierarchies. Educational Psychologist 6 (1), 1–9.

Garen, J. (1984). The returns to schooling: A selectivity bias approach with a continuous choice

variable. Econometrica 52 (5), 1199–1218.

George, P. and P. Kuhn (1994). Size and structure of native-white wage differentials in Canada.

Canadian Journal of Economics 27 (1), 20–42.

Goldin, C. and F. Katz (81). Katz. 2008. The Race Between Education and Wealth.

Guimond, E. (1999). Ethnic mobility and the demographic growth of Canada’s Aboriginal popu-

lations from 1986 to 1996. Report on the Demongraphic Situation in Canada Statistics Canada

Catalogue no. 91-209, 187–200.
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Appendix A

Chapter 2 Appendix

Utility Functions and Additional Model Fit Graphs

During the schooling phase many individuals face high tuition levels and low earnings/parental

transfers. Instead of relying on a consumption floor to prevent large values of negative utility during

the schooling phase, a linear utility function is used. We link the utility functions between phases

by pick the linear utility function parameters (u0 and u1) that equalize the utility of $10000 in the

two phases.1 The relationship between the two utility functions is illustrated in Figure A.1. While

agents may choose to stay avoid transitioning to the working phase in order to have the linear utility

function, the model only allows them to not attend college and avoid the working phase for more

than two years.

1This could be set to any arbitrary amount.
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Figure A.1: Utility Functions

Figure A.2: Public College Graduate Earnings by Fixed Type
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Figure A.3: Private College Graduate Earnings by Fixed Type
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Figure A.4: Employment by Fixed Type
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Figure A.5: Savings
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Chapter 3 Appendix

Additional Tables and Figures

Table B.3: Oaxaca-Blinder Decomposition of Test Score Gap

Indigenous Black Chinese South Asian

Overall

White -0.0542 -0.0542 -0.0542 -0.0542

(0.061) (0.061) (0.061) (0.061)

Minority -0.619*** -0.473*** 0.559*** 0.135***

(0.070) (0.063) (0.029) (0.016)

Difference 0.565*** 0.419*** -0.613*** -0.190***

(0.099) (0.068) (0.064) (0.055)

Explained 0.207*** 0.194*** 0.00591 0.0958*

Continued on next page
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Table B.3 – Continued from previous page

(0.048) (0.021) (0.067) (0.057)

Unexplained 0.358*** 0.225*** -0.619*** -0.285***

(0.074) (0.075) (0.067) (0.017)

Explained

LICO Ratio 0.0437*** 0.0455*** -0.00746 0.0336***

(0.010) (0.009) (0.011) (0.008)

Male 0.00311 -0.00564 -0.00405 0.000316

(0.004) (0.008) (0.006) (0.003)

Single Parent -0.0304** -0.0431*** 0.00215 0.0125***

(0.012) (0.009) (0.004) (0.004)

Number of Siblings -0.00755 -0.00796** -0.00616 -0.0219***

(0.011) (0.003) (0.011) (0.008)

PCG High School 0.0250** 0.0249*** -0.00812** 0.00157

(0.011) (0.004) (0.004) (0.011)

PCG Post-Secondary 0.0325*** 0.0142*** -0.00294 -0.0143***

(0.009) (0.005) (0.006) (0.004)

Spouse High School 0.0306*** 0.0348*** -0.0000410 -0.0105***

(0.009) (0.007) (0.004) (0.003)

Spouse Post-Secondary 0.0265** 0.0274*** -0.0109** -0.00970

(0.011) (0.007) (0.005) (0.011)

Low Birth Weight -0.00279 -0.00495*** 0.00146 0.0118

(0.002) (0.002) (0.003) (0.007)

Teenage Mother 0.00450* -0.00346** -0.000152 0.000220

Continued on next page
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Table B.3 – Continued from previous page

(0.003) (0.001) (0.004) (0.002)

Public School 0.000195 -0.00340 0.000567 0.00271

(0.002) (0.012) (0.004) (0.009)

Catholic School 0.000205 0.0114 -0.00504 -0.000226

(0.004) (0.016) (0.008) (0.003)

Private School 0.00879** 0.00109 -0.0170 0.000341

(0.004) (0.005) (0.023) (0.007)

Other School 0.000516 -0.000213 0.000437 -0.0000102

(0.001) (0.000) (0.001) (0.000)

Unexplained

LICO Ratio -0.0218 0.0410*** 0.284** 0.0132

(0.095) (0.013) (0.144) (0.065)

Male -0.0888 -0.0605 0.0528 -0.152**

(0.064) (0.070) (0.043) (0.067)

Single Parent 0.0433 -0.342*** 0.0504 0.0117

(0.034) (0.127) (0.037) (0.030)

Number of Siblings 0.249*** 0.0815* -0.155 0.480***

(0.052) (0.045) (0.119) (0.078)

PCG High School 0.430*** 0.483*** 0.292 0.109

(0.080) (0.148) (0.256) (0.230)

PCG Post-Secondary -0.000226 0.0808* 0.230*** 0.0702

(0.060) (0.047) (0.041) (0.108)

Spouse High School -0.0735** -0.383* 0.134 -0.0438

Continued on next page
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Table B.3 – Continued from previous page

(0.036) (0.202) (0.081) (0.165)

Spouse Post-Secondary -0.0536 0.0640 -0.160** -0.0112

(0.052) (0.094) (0.077) (0.059)

Low Birth Weight 0.0202 -0.00774** -0.00808 0.0535*

(0.014) (0.004) (0.019) (0.028)

Teenage Mother 0.0116** -0.00290** 0.0396 0.00607

(0.005) (0.001) (0.046) (0.008)

Public School -0.0585 0.0944 -0.0738 -0.350

(0.231) (0.234) (0.066) (0.399)

Catholic School 0.00220 0.0797 -0.00493 -0.144

(0.071) (0.146) (0.007) (0.103)

Private School 0.0266 0.0245 -0.0681 -0.0408

(0.022) (0.037) (0.056) (0.035)

Other School 0.00459 -0.000342 0.0110 -0.0124

(0.005) (0.001) (0.011) (0.014)

Observations 24000 24000 24000 24000

* p < 0.10, ** p < 0.05, *** p < 0.01

Notes: The dependent variable in each column is the standardized math score. Standard errors clustered by province

are in parentheses. Omitted schooling categories is whether the school information is missing, and the omitted category

for parental education is no formal schooling. All columns include CMA-province and age fixed effects.
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Table B.1: IPW Difference in Test Scores between Minority and White Students

(1) (2) (3) (4) (5) (6) (7)
Indigenous -0.409∗∗∗ -0.347∗∗∗ -0.340∗∗∗ -0.332∗∗∗ -0.309∗∗∗ -0.318∗∗∗ -0.314∗∗∗

(0.033) (0.032) (0.030) (0.029) (0.027) (0.025) (0.022)

Black -0.252∗ -0.223∗ -0.226∗ -0.218∗ -0.252∗∗ -0.258∗∗ -0.245∗∗

(0.119) (0.112) (0.104) (0.102) (0.079) (0.082) (0.104)

South Asian 0.0645 0.128∗∗ 0.130∗∗ 0.113∗∗ 0.123∗∗ 0.143∗∗∗ 0.149∗∗∗

(0.053) (0.048) (0.046) (0.047) (0.039) (0.043) (0.037)

Chinese 0.446∗∗∗ 0.426∗∗∗ 0.423∗∗∗ 0.419∗∗∗ 0.460∗∗∗ 0.462∗∗∗ 0.450∗∗∗

(0.076) (0.091) (0.096) (0.097) (0.099) (0.100) (0.115)

Other -0.0468 -0.00628 -0.00635 -0.00585 0.00696 0.0102 0.00655
(0.035) (0.039) (0.039) (0.039) (0.037) (0.036) (0.038)

Immigrant 0.270∗∗ 0.312∗∗ 0.310∗∗ 0.308∗∗ 0.275∗∗∗ 0.274∗∗∗ 0.269∗∗∗

(0.098) (0.106) (0.106) (0.102) (0.075) (0.079) (0.082)

LICO Ratio 0.108∗∗∗ 0.108∗∗∗ 0.102∗∗∗ 0.0720∗∗∗ 0.0702∗∗∗ 0.0658∗∗∗

(0.015) (0.016) (0.017) (0.010) (0.011) (0.009)

Male -0.0389 -0.0387 -0.0394 -0.0366 -0.0389
(0.050) (0.050) (0.053) (0.052) (0.052)

Single Parent -0.0955∗∗ 0.0723∗ 0.0703∗ 0.0629∗

(0.035) (0.033) (0.033) (0.034)

Number of Siblings 0.0409∗∗ 0.0386∗∗ 0.0350∗

(0.015) (0.015) (0.017)

PCG High School 0.223∗∗∗ 0.213∗∗∗ 0.210∗∗∗

(0.035) (0.034) (0.031)

PCG Post-Secondary 0.0883∗ 0.0855∗ 0.0753
(0.045) (0.045) (0.042)

Spouse High school 0.112∗∗∗ 0.108∗∗∗ 0.106∗∗∗

(0.014) (0.015) (0.016)

Spouse Post-Secondary 0.140∗∗∗ 0.135∗∗∗ 0.132∗∗∗

(0.023) (0.022) (0.021)

Low Birth Weight -0.192∗∗∗ -0.187∗∗∗

(0.022) (0.024)

Teenage Mother -0.212∗∗∗ -0.206∗∗∗

(0.039) (0.041)

Public School -0.0101
(0.121)

Catholic School -0.0181
(0.135)

Private School 0.314∗

(0.140)

Other School 0.822∗∗

(0.280)

Constant 0.511∗∗∗ 0.285∗∗∗ 0.305∗∗∗ 0.335∗∗∗ -0.0479 -0.0128 0.0103
(0.036) (0.040) (0.056) (0.066) (0.099) (0.102) (0.206)

Observations 34500 34500 34500 34500 34500 34500 34500

Adj. R2 0.134 0.157 0.158 0.159 0.178 0.181 0.187

Notes: The dependent variable in each column is the standardized math score. Standard errors clustered by province

are in parentheses. Omitted schooling categories is whether the school information is missing, and the omitted category

for parental education is no formal schooling. All columns include CMA-province, age, and survey wave fixed effects.

∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table B.2: Heckman Corrected Estimates of Test Score Gap

(1)

Heckman Adjusted Estimates

Indigenous -0.220∗∗∗

(0.045)

Black -0.140∗∗

(0.065)

South Asian 0.231∗∗∗

(0.064)

Chinese 0.489∗∗∗

(0.060)

Other -0.0194
(0.016)

Constant 0.165∗∗

(0.079)

Pr(Wrote Test)

Indigenous -0.284∗∗∗

(0.057)

Black 0.0868
(0.100)

South Asian -0.264∗∗∗

(0.083)

Chinese 0.235∗∗

(0.099)

Other -0.249∗∗∗

(0.020)

Constant 0.226∗∗∗

(0.078)

atanhρ -0.00211
(0.038)

ln(σ) -0.0959∗∗∗

(0.004)

Notes: The dependent variable in the top panel is the standardized math score. The dependent variable in the second
panel is whether the individual wrote the math test. Standard errors clustered by province are in parentheses. All
columns include the full set of controls, as well as province, age, and survey wave fixed effects. ∗p < 0.1, ∗∗p < 0.05,
∗∗∗p < 0.01.
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