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Abstract

This paper documents a robust achievement gap between the math scores of Indigenous and
white youth in Canada between 1996 and 2008. Using data from the restricted-access National
Longitudinal Survey of Children and Youth we 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. We find that this test
gap emerges by the age of 12, and it did not decline between 1996 and 2008, despite the
recommendations of the 1996 Royal Commission on Aboriginal Peoples to ameliorate the public
education system for Indigenous students. Counterfactual estimates from the decomposition
method of Lemieux (2002) suggest that the test gap among the lowest performing students
would have been eliminated if Indigenous students faced the same level of and returns to
observable characteristics as white students. This exercise does not result in a narrowing of the
test gap in the upper tail, suggesting that unobservables, rather than observables, are driving
the majority of the test gap among high achieving students.
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Education is an important determinant of labour market outcomes (Becker, 1964; Card, 1999;

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

minants 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 score gap in math between Indigenous and white students in Canada to further our under-

standing of the origins of socioeconomic challenges facing Indigenous populations. Specifically, we

use the restricted-access National Longitudinal Survey of Children and Youth (NLSCY), a nation-

ally representative longitudinal survey of approximately 23,000 Canadian youth between 1996 and

2009,1 to quantify the extent and determinants of the Indigenous-white test gap in mathematics.2

We focus on the results of a math component administered to students during each cycle of

the survey. The NLSCY includes information on a number of factors that have been shown to be

important inputs into the education production function (Hanushek, 2008), including household

income, parental education, household characteristics, school type, and location. Our estimates

suggest that, conditional on these inputs, the Indigenous-white test gap among children aged 8-15

is approximately 0.31 standard deviations.3 This figure is remarkably similar to the Indigenous-

white test gap estimated for grade 7 students in Friesen and Krauth (2010) using administrative

data from the province of British Columbia. By splitting the sample into age cohorts, we show

that the majority of this test-gap emerges after students begin middle school and splitting into

survey wave cohorts reveals that the test gap changed very little between 1996 and 2008. That

being said, we acknowledge that comparisons over time are sensitive to scaling choices and should

1The NLSCY began in 1994; however, due to issues with the math component of the survey that we discuss in
our empirical section, we focus on the years 1996 onwards.

2In both Canada and the United States, Indigenous peoples have lower educational outcomes compared to their
non-Indigenous counterparts, yet data availability continues to provide challenges for economists wishing to research
in this area.

3One caveat to our findings is that the NLSCY is not administered on Indian reserves. While not all students
who live on-reserve attend school on reserve, those who do are educated under federal jurisdiction, whereas those
attending school off-reserve go to schools that are under provincial jurisdiction. If quality differs between on- and
off-reserve schools then, even if not all students who live on-reserve attend school there, our estimates of the test
score gap may either over- or under-represent the gap depending on the differences in school quality. Despite the
lack of an on-reserve sample, our results are still important for understanding socioeconomic disparities faced by
Indigenous peoples in Canada, as recent statistics suggest that, even among First Nations people, over half live
off-reserve.

2



therefore be interpreted with caution (Bond and Lang, 2013).

The marked worsening of the Indigenous-white test gap at around the same time students

begin junior high school suggest that students at this age face additional adversities that merit

consideration. For instance, Friesen and Krauth (2010) show that having a large number of In-

digenous peers tends to increase the achievement of Indigenous students, so if many Indigenous

students in Canada are located in schools where their peers are predominantly white, they may

face discrimination, bullying, or racism, which could in part explain the timing of the test gap.4.

Unfortunately, due to the data limitations of the nationally representative sample, we cannot speak

to peer composition to the same extent as Friesen and Krauth (2010); however, the fact that the

test gap we estimate is similar in magnitude to theirs suggests that their insights may also be

applicable to our sample.

To shed light on some of the socioeconomic mechanisms underlying the Indigenous-white test

gap, we use the methodology of Lemieux (2002) to decompose differences across the entire distri-

bution of test scores.5 A comparison of the Lemieux (2002) framework to the more traditional

Oaxaca-Blinder (Blinder, 1973; Oaxaca, 1973) decomposition method reveals that the latter masks

important heterogeneity in terms of the factors 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. We find almost no change in the test gap after computing

our counterfactual distributions for those in the upper tail of the distribution, suggesting that

4Another possible explanation for the decline in test scores when students enter junior high school is that some
reserves only have elementary schools and students must travel outside of their home community to attend junior
high school or high school. If reserve schools are providing a lower quality of education or if travelling away from
one’s home adversely affects educational attainment, then this could mechanically decrease the test score gap in the
later years of schooling. This is unlikely in our setting because students are selected to participate based on their
home community, and reserve communities were not included in the survey.

5Decomposition methods have been used to study differences in Indigenous-non-Indigenous outcomes in Canada.
For instance, George and Kuhn (1994) use an Oaxaca-Blinder decomposition 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. The advantage of the Lemieux (2002) framework over other decomposition
methods typical in the labour literature, like Juhn, Murphy, and Pierce (1993), is that it directly accounts for
differences in the distribution of covariates. A limitation of the Lemieux (2002) methodology is that accounting
for differences in the distribution of covariates must be done using a logit or probit model when there is a large
number of covariates, as in our case. These estimates are not consistent when the error terms are heteroskedastic.
An alternative methodology was developed in Melly (2005), which we do not consider in this analysis.
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unobservables, rather than observables, are driving the test gap among high achieving students.

This study provides the first nationally representative estimates of the off-reserve Indigenous-

white test gap in Canada and focusses the analysis on a population that has traditionally been

excluded from the test-gap literature in North America more generally.6 Exceptions include the

work of Clotfelter et al. (2009) whose study includes an analysis of achievement gaps between

American Indians and whites in North Carolina and the Canadian studies of Richards, Howe,

and Afolabi (2008) , Friesen and Krauth (2010), and Richards, Vining, and Weimer (2010) that

focus on Indigenous-white achievement gaps in the province of British Columbia. Given that the

political economy of Indigenous groups in British Columbia and North Carolina may be different

than elsewhere–e.g., British Columbia had relatively fewer historical treaties, has a comprehen-

sive process of modern treaty-making, and more representation of Indigenous material in provin-

cial curricula, among other differences–the insights from existing studies may not extrapolate to

other Indigenous groups. We also extend our analysis to include other Canadian minority groups,

where existing Canadian studies have focussed only on the test gap between Indigenous and non-

Indigenous students (Richards, Howe, and Afolabi, 2008; Friesen and Krauth, 2010; Richards,

Vining, and Weimer, 2010).

2 Data and Background

Our empirical analysis uses the restricted-access 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 survey 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 addition to interviewing students

6We are aware of at least two studies that have quantified the Indigenous-white test gap outside of North America–
in Australia (Leigh and Gong, 2009), and Peru (Sakellariou, 2008). Initial work examining “test gaps” traditionally
focussed on black-white differentials in the United States (Fryer and Levitt, 2004, 2006; Clotfelter et al., 2009; Sohn,
2012; Bond and Lang, 2013, 2018).
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themselves, in some years the surveys also include a parent component, school and teacher com-

ponent, and a module for the interviewer to fill out that addresses neighbourhood characteristics.7

The NLSCY was administered 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 some remote regions.8 Since schools on Indian reserves fall under

federal jurisdiction, while those elsewhere fall under provincial jurisdiction, the test gap we esti-

mate in this paper may over or underestimate the full extent of the test gap in Canada.9 The lack

of comparable data for Indigenous peoples on reserves is a pervasive problem occurring in almost

all socioeconomic datasets in Canada.

The NLSCY contains a variety of questions regarding ethnic background and ancestry. In

particular, in the 2000-2001 wave, a question was added to the survey, which explicitly asked the

racial identity of the individual.10 Since the identity-based questions were only included after 2000,

we exploit the longitudinal 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.11,12

The test score used in this analysis is a mathematics test that is administered to all students in

the NLSCY in grade 2 or above. The test was a shortened version of the Mathematics Computation

7Each survey wave contains the student component, but only a small number of waves contain the school, teacher,
and neighbourhood components.

8Remote areas excluded from the study are those with fewer than 10 households or 25 persons, or enumeration
areas with fewer than 25 households.

9For example, despite increases in high school graduation and achievement of students on reserves, reserve schools
still struggle with underfunding, geographic isolation, and additional social problems compared to off-reserve schools
(Barsh, 1994; Richards, 2008; Anderson and Richards, 2016). Taken together, these factors would suggest that our
estimates underestimate the test gap.

10Originally 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.

11One 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.

12An alternative measure of ethnicity could be to classify students based on their reported ancestry. Each survey
wave included a question that read, “To which ethnic or cultural group(s) did your ancestors belong?” We have also
used 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 recoded all students as having
Indigenous ancestry in all years if they indicate ancestry in one year. Results using this classification are qualitatively
similar to those presented in the empirical section, but smaller in magnitude.
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Test from 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 selected by the Canadian Testing Centre

across all ten provinces, referred to as the norm sample. Since we examine both how the test gap

has evolved over age and over time, we pool all waves of the NLSCY and standardize the standard

scores to have a mean of 0 and variance of 1 for each age.13 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 in 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 to its administration. 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.14

Finally, while the NLSCY does not directly report household income, they do include a related

measured 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.15 Unfortunately, the LICO ratio is missing for a

small number of households. Since income has high explanatory power for test scores, and is also

highly correlated with ethnicity, we posit that the bias that would result from excluding income is

larger than the bias induced by excluding those who do not report income. Table A1 of the Online

Appendix confirms this proposition, so we restrict our sample to those with a LICO ratio for our

13The main analysis is invariant to using the original standardized scores included in the raw data and to stan-
dardizing by age-cycle. These results are unreported, but available upon request.

14In the empirical section, we use a Heckman correction model (Heckman, 1976, 1979) to evaluate the extent to
which this selection issue may bias our results.

15The 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 consumption patterns that may differ across city and family sizes (Murphy
et al., 2012).
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empirical analysis.

Table 1 presents a set of descriptive statistics for students who identify as Indigenous 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.16

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 education. For instance, the proba-

bility that an Indigenous student has a primary care 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 primary care giver is

educated is also lower for students who identify as Indigenous. The portion of Indigenous students

born to teenage mothers and who live in single-parent households is higher; however, the share

of Indigenous students born at a low birth weight is lower. 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 signif-

icant. Not surprisingly, a higher share of Indigenous students report having Indigenous ancestry,

and a lower share also identify as white.17 It should be noted that a small portion (3.8 percent) of

students who do not self-identify as Indigenous also report having Indigenous ancestry.

3 Empirical Framework and Results

3.1 Average Effects

3.1.1 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 assume that the standardized math score Y of individual

16In 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.

17Note that we classify Indigenous identity by exploiting the longitudinal aspect of our data and code this variable
as equal to 1 if an individual ever identifies as Indigenous, whereas we classify Indigenous ancestry based on the year in
which the individual is being surveyed. This leads to the peculiar finding that just under 30% of students identifying
as Indigenous do not report that they are of Indigenous descent. Another possible reason for this discrepancy is that
some students may not be reporting all their ancestries, even if they at some point identify as an Indigenous person.
We are not the first paper to find differences in reported identity and ancestry. For example, Jones (2020) notes a
difference in the stated identity and ancestries of Métis individuals in the 2006 Census of Population.
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i from region r of age a sampled in survey s, is a function of observable and unobservable inputs:

Yi,r,a,s = α+ β1(Indigenousi = 1) + Xi,a,sθ + δa + γs + ζr + εi,r,a,s, (1)

The indicator 1(Indigenousi = 1) equals 1 if individual i identifies as Indigenous and 0 otherwise.

The matrix Xi,a,s is a set of controls which also includes indicators for whether an individual

identifies as Black, Chinese, South Asian, or another minority group, so that the coefficient of

interest β̂ measures the conditional difference in test scores between Indigenous and white stu-

dents.18 We include a set of dummy variables for student age, δa, and for the survey wave in which

the respondent was tested, γs. Finally, to account for unobservable differences across regions, all

of our specifications include census metropolitan area (CMA) interacted with province dummies,

ζr. The reason for this interaction is that 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. Since only 10 provinces are included in the NLSCY, inference

based on the assumption that the number of clusters is large will be invalid. We therefore also

report significance levels on the Indigenous indicator that are constructed using the wild cluster

bootstrap in the boottest Stata package of Nielsen, MacKinnon, Roodman, and Webb (2019)

with 999 replications. All regressions are weighted by the survey weights included in the NLSCY.

Due to the reporting restrictions associated with the NLSCY, observations in regression tables

have been rounded to the nearest 100.

The results from estimating equation 1 can be found in Table 2.19 Each column adds a new

covariate (or group of covariates) to see how the coefficient on the Indigenous indicator varies

18The matrix Xi,a,s includes 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.

19Results using inverse propensity score weighting do not differ substantially and are found in Table A2 of the
Online Appendix.
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with the addition of new controls. In our most restrictive specification, column (6), 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.20

Comparing the movement in the coefficient estimate on the Indigenous indicator reveals that

the largest movements arise when we add controls that proxy for income (the LICO ratio) and

parental education (primary care giver and spouse). The covariates that do not appear to predict

test scores in a statistically 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).21

Perhaps somewhat surprising is that once we condition on parental education, we find that

students who live in a single-parent family have higher test scores. A closer consideration of

this finding is warranted. In column (3), the single-parent coefficient represents the difference in

the conditional expectations of test scores for individuals in single parent homes and two parent

homes averaged over all education levels. In column (4), the single parent coefficient represents the

difference in conditional expectations of the test scores for individuals in single parent homes where

the parent has less than a high school degree and those in two parent homes where both parents

have less than a high school degree. Therefore, the interpretation of the coefficient estimate on

20Leigh 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.

21There are many explanations for why boys are currently outperformed by girls in the classroom. For instance,
Autor et al. (2016a) suggest that boys are disproportionately affected by family disadvantage, 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.
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single parents in column (3) is that, on average, individuals in single parent homes have test scores

that are 0.036 standard deviations lower than those in two parent homes, whereas the interpretation

on single parents in column (4) is that, on average, individuals in single parent homes where the

parent has less than a high school degree have test scores that are 0.103 standard deviations lower

than those who live in two parent homes where both parents have less than a high school degree.

To further our understanding of some of the barriers faced by Indigenous students in Canada,

Table 4 reports the results of a subsample analysis, where each column presents estimates of

equation 1 for the subsample described in the column header. Column (1) replicates the 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 does not appear to be differences across genders.

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.

As discussed in the data section, 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). Since we do not have an exclusion

restriction, this model is identified off of functional form, which limits its usefulness as a tool for

assessing selection in our case. Nevertheless, these results are found in Table 3 and suggest that

10



selection into writing the math test leads to a bias in the coefficient estimates of the test score

gap. The Indigenous-white test gap decreases in magnitude from -0.313 to -0.220 after applying

this correction.

To understand whether Indigenous children begin school at a disadvantage, or if the test gap

develops while the child is in school, we present results by age in Figure 1(a).22 Each cross-

section represents the coefficient estimates on the Indigenous indicator for a separate age. The

regression includes the full set of controls, analogous to column (7) in Table 2. Table A3 of the

Online Appendix displays the full results, including standard errors and coefficients on controls.

Figure 1(a) reveals that the test gap between Indigenous and white students is larger for older

students and Table A3 shows that the estimate of this test gap for early ages is not statistically

different from 0. The Indigenous-white test gap peaks when students are 15 years of age at

approximately -0.55 standard deviations. This finding is comparable to the work of Fryer and Levitt

(2004) on the black-white test gap in the United States, which demonstrates that, after controlling

for observables, the black-white gap in test scores among kindergarten students disappears, but

that a persistent gap in test scores develops during the schooling years. Our results suggest that,

at least for Indigenous students, the gap may become even larger in later years. Our findings

differ slightly from Clotfelter et al. (2009), in that their estimates reveal a fairly consistent test

gap between Indigenous and white students in grades 3 through 8.

Since the NLSCY was conducted over a time period when discussion of the socioeconomic

disparities faced by Indigenous peoples was gaining traction in policy and government circles,

Figure 1(b) examines whether the test gap improved over time. Each cross section represents the

regression-adjusted test gap for Indigenous relative to white students for a separate survey wave.23

Table A4 of the Online Appendix displays the coefficient estimates for the full results, including

all coefficients on controls. The first wave of the NLSCY was administered in 1994 and the last

wave in 2008, however, we exclude 1994 because the test administered in this year underestimated

22Specifically, we run the following specification for each age, controlling for survey wave fixed effects, γs:

Yi,r,s = α+ β1(Indigenousi = 1) + Xi,aθ + γs + ζr + εi,r,s (2)

23The coefficient estimates are obtained from the following specification for each survey wave, controlling for age
fixed effects, δa:

Yi,r,a = α+ β1(Indigenousi = k) + Xi,sθ + δa + ζr + εi,r,a (3)
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students’ abilities and resulted in nearly everyone receiving a perfect score.

The most obvious finding in Figure 1(b) is that the Indigenous-white test gap stays relatively

close to 0.3 for the entire time period. This lack of any measurable improvement in the test gap

between Indigenous and white students over this time period is troubling. In 1996, the Royal

Commission on Aboriginal Peoples released a report documenting 5 years of public hearings, visi-

tations to Indigenous communities, consultations with experts, research studies, and examinations

into past inquiries and reports, to understand how to create a better relationship between Indige-

nous and non-Indigenous peoples in Canada. Among their findings, they highlighted the failure

of provincial education systems to adequately reach the Indigenous population, with the majority

of Indigenous youth leaving high school before graduation. The reasons, they suggested, were a

combination of underfunding, a lack of mechanisms of accountability to Indigenous peoples, lack

of cultural compatibility, and a focus on childhood education that left out important cultural

components. Since our analysis does not include the on-reserve population, who may have been

more likely to be affected by policies addressing these shortcomings, we cannot tell whether the

report was followed by improvements among the on-reserve population. However, we do not see

any improvement in the test gap for the off-reserve population during this time period, suggesting

that even if these policies were effective at addressing educational disparities on reserves, there was

no change in the test gap for the nearly 58% of Indigenous peoples who live outside reserves.

3.1.2 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 income, 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, Lemieux, and Firpo (2011). The main purpose

of the OB methodology in our context is to decompose the overall difference in average test scores

between Indigenous (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 covariates 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 1 for Indigenous and white students.

The intuition of the OB decomposition is that Indigenous 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 1 the average Indigenous household is poorer and parents

have lower levels of education than the average non-Indigenous household. These level differences

certainly play a role in explaining 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,

perhaps 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 5 displays the results from the overall decomposition. 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.

The third row summarizes the difference between test scores of white students and Indigenous

students–e.g., ȲM − ȲW = 0.565. The last two rows of panel A 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).

Approximately 37% of the difference in test scores between Indigenous and white students is

attributable to the fact that these groups have different levels of covariates. What is troubling, is

that this means that 63% of the difference in test scores between Indigenous and white students is

13



attributable to the unexplained component, which represents differences in the returns to covari-

ates. While it may not necessarily be easy to reduce differences in observable characteristics, the

interpretation of these differences lends itself to somewhat clearer policy interpretations. The full

characteristic level decomposition can be found in Table A5. This exercise suggests that household

income, parental education, teenage pregnancies, and single parent households are driving the ma-

jority of the explained gap in test scores. Policies that specifically target these factors may benefit

subsequent generations through the indirect impact they have on the test 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. This is consistent with the results of (Nicoletti and Rabe,

2019) which finds that sibling spillovers are highest for those with high-achieving siblings, and

lowest for those with low-achieving siblings. As higher incomes families are more likely to have

higher achieving children, those from lower socioeconomic backgrounds tend to have lower sibling

effects. Further, given that Indigenous students are more likely to come from families of lower

socioeconomic backgrounds, this would explain the reason for the lower observed sibling effect.

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 provincial public school systems in Canada may have the

potential to equalize the playing field for traditionally marginalized groups. Of course this result
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comes with the caveat that we cannot speak to school quality on reserves.

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 different 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 distribution of test scores. We also implement

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

counterfactual distribution applies the coefficients from non-Indigenous students to Indigenous

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.

3.2.1 Quantile Regression

To get a sense of the magnitude of the test gap at different points in the distribution, Table 6 dis-

plays both the uncontrolled and controlled results of estimating equation 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.

One of the limitations of our previous analysis is that it has the potential to be affected by

scaling decisions (Ho and Haertel, 2006; Reardon, 2008; Bond and Lang, 2013; Penney, 2017; Bond

and Lang, 2018). One way to analyze the test-gap in a metric free way cross-references percentiles

of the Indigenous test score distribution with the percentiles of the non-Indigenous distribution.

This exercise is invariant to monotone transformations of the test score distributions and therefore

does not depend on the scaling choice of the test scores. Figure 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 7 summarizes the
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differences between the empirical distributions by analyzing the percent of Indigenous students

scoring below specific percentiles of the non-Indigenous 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.

3.2.2 Lemieux (2002) Methodology

To further our understanding of differences across the distribution of test scores, we use the de-

composition 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 dif-

ference 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, (4)

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 (5)

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, (6)
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from which we obtain P Ii,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 Ii,r,a,s = Pr(Indigenous = 1|Xi,a,s)

We use this probability, combined with the unconditional probability of being Indigenous, 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 Ii,r,a,s
P Ii,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 non-Indigenous population.

We use the two counterfactuals, Y coef
i,r,a,s and ωcovari,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.24 Table 8 summarizes how we combine each of the

counterfactuals to produce a distribution.

Like the OB decomposition, the Lemieux (2002) decomposition does not produce causal esti-

mates 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 dif-

ferent points in the test score distributions, which may assist in better targeting policies to assist

in reducing the test score gap. Figure 3 compares the three counterfactual distributions to the

true distribution of test scores. Table 9 summarizes the differences between each counterfactual

Indigenous distribution and actual non-Indigenous distributions using OLS and quantile regression.

Figure 3(a) begins by displaying the true distributions of standardized test scores for the Indige-

nous and non-Indigenous populations to demonstrate how they differ initially. These distributions

24The unobserved component may be either level differences or differences in the returns to unobservables. We do
not differentiate between the two here.
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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 9 summarizes the results of Figure 3(a), 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(b) shows how the non-Indigenous distribution compares to the counterfactual In-

digenous distribution constructed from assigning the non-Indigenous coefficients (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 Indigenous distribution closer to that of the non-Indigenous

distribution. In panel B of Table 9, 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 counterfac-

tual distribution is displayed in Figure 3(c) and is slightly to the right of the original Indigenous

distribution, indicating that level differences do play a small role in reducing the test gap. Panel

C of Table 9 tests whether the differences between the counterfactual covariate distribution and

the actual distribution are statistically significant. The test score gap is reduced in the 10th per-

centile, 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 counterfactual co-

efficients and covariates. Figure 3(d) 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 9 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
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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, and low birth

weight–that can assist in reducing the gap amongst the lowest performing students. Furthermore,

our results suggest that program evaluation of such policies may want to consider the potential

indirect effects on children’s outcomes, like test scores.25

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, discrim-

ination, 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.

4 Discussion and Conclusion

This paper quantifies the gap in math test scores between Indigenous and white youth in Canada.

We use data from the National Longitudinal Survey of Children and Youth (NLSCY) to document

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

25For example, studies of income support (Levine et al., 2005; Forget, 2011), or post-secondary funding programs
(?) may not fully capture the potential benefits of such programs that extend to future generations.
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for Indigenous students in comparison to white students. While studies of the test gap have

traditionally focussed on the United States and on differences between black and white students,

two studies that have evaluated the gap in test scores between Indigenous and white students are

Clotfelter et al. (2009) in the United States and (Friesen and Krauth, 2010) in British Columbia.

Our estimate of the test gap in Canada is smaller than the estimate found in Clotfelter et al.

(2009) but similar to that in (Friesen and Krauth, 2010); however, an important caveat to our

analysis is that our findings may over or underestimate the test gap since our sample does not

include the on-reserve population, where education falls under federal jurisdiction, in contrast to

off-reserve schools, which are under provincial control. This data limitation excludes just under

half of Indigenous students in Canada.

The results of an Oaxaca-Blinder decomposition suggest that a potential difference between

the Canadian and American contexts could be in relation to the difference in the quality of public

schools between the two countries. We find that the type of school students attend does not

contribute substantially to the test gap for Indigenous 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) suggests that

the provincial public schools in Canada may be better equipped to equalize outcomes between

minority and non-minority groups.

An evaluation of the timing of the Indigenous-white test gap reveals that it emerges after 11

years of age, but we do not find any discernible patterns in the test gap across time, despite the fact

that the year after the first wave of the NLSCY was administered, the results from a major public

inquiry into the status of Indigenous peoples in Canada were released. This report, known as the

Royal Commission on Aboriginal Peoples, lay out a twenty-year agenda to ameliorate the socioeco-

nomic conditions of Indigenous peoples in Canada, which included a call to reform provincial public

education systems in a way that would address specific barriers faced by Indigenous students. Our

findings should therefore act as a cautionary note, since reducing educational disparities was a key

component put forth more recently by the 2015 Truth and Reconciliation Commission’s 94 Calls

to Action, as well as the 2019 Missing and Murdered Indigenous Women and Girls’ 231 Calls for

Justice.
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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 character-

istics as their non-Indigenous counterparts, the test gap between Indigenous and non-Indigenous

students in the lowest quantiles of the test score distribution would be eliminated, but that the test

gap at the top of the distribution would be unaffected. The results of this exercise suggest that it

is an important tool for understanding between-group differences across the whole distribution of

achievement outcomes.

Our results are in line with previous studies that show socioeconomic factors contribute con-

siderably to the difference in test scores between minority and non-minority students. While 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—in particular, due to the

large contribution of unexplained differences—they do provide some insight regarding tractable

policy solutions that target income, education, and labour market disparities.

In Canada, a number of such social programs exist already, some of which specifically target

Indigenous populations, while other programs are available to all individuals but are based on

criteria where Indigenous peoples are often overrepresented. For example, the Canada Child Benefit

(CCB) program, introduced in 2016, is Canada’s second largest cash transfer program, providing

monthly tax-free payments to families with children that are phased out based on family income.

As of writing this, the CCB provides a maximum of $6,765 per year for each child under 6 years of

age and $5,708 per year for each child aged 6-17 for families whose adjusted net income is under

$31,711.26

Using variation in income transfers under previous CCB expansions, Schirle (2006) and Milligan

and Stabile (2011) have shown that expansions in the CCB have resulted in significant increases

in children’s test scores, maternal health, mental and physical health, with some reductions in

labour supply, particularly among higher educated women. Since incomes are lower, on average,

for Indigenous peoples, they will be more likely to qualify for the maximum benefit under the CCB,

which, given the results of the aforementioned papers, may have considerable positive impacts on

26See the full description at the Government of Canada’s website: https://www.canada.

ca/en/revenue-agency/services/child-family-benefits/canada-child-benefit-overview/

canada-child-benefit-we-calculate-your-ccb.html.
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children’s test scores. However, low rates of tax-filing among Indigenous populations in Canada

mean that many families who would be eligible to receive these benefits often do not (?). Working

jointly with Indigenous nations to find ways to increase tax filing, or, alternatives to relying on

tax returns to determine eligibility for such programs is a reasonable way to ensure those eligible

for federal benefits receive them (?).

Other social programs exist that are only available to Indigenous populations may also assist

in reducing the test gap of subsequent generations. A well-known example of such a policy in the

education sphere is the Post-Secondary Student Support Program (PSSSP), a federally funded

source of post-secondary aid for Indigenous students in the country. Borne out of an increased

demand for the government to honour the treaty right to education in the 1970s, the program went

through substantial cutbacks in the late 1980s (Stonechild, 2006). Jones (2020) shows that these

cutbacks resulted in sizeable reductions in post-secondary attainment, in addition to high school

graduation. Since many individuals who would have been entering post-secondary institutions

during the time of the funding cutbacks may also be the parents of the children in our data, these

funding cutbacks may have indirectly contributed to the stagnation in the test gap that we observe.

The PSSSP remains the largest source of post-secondary funding in the country, covering tu-

ition, books, travel support and living allowances up to a maximum of $53,000 for Indigenous

students to attend post-secondary programs, but not all Indigenous students are eligible for this

program, and not everyone qualifies for the full cost of their post-secondary education. To fill this

void, other Indigenous-led post-secondary funding sources, like Indspire, also provide funding for

Indigenous students to obtain post-secondary education.27 Given the role of parental education in

the educational attainment of their children, and that financial constraints remain a considerable

barrier for Indigenous students in accessing higher education (Indspire, 2018), a policy recom-

mendation that could have multi-generational impacts is to increase the amount of federal funds

allocated to post-secondary funding for Indigenous students.

Finally, active labour market programming designed for Indigenous populations have existed

in Canada since 1999 when the Aboriginal Human Resources Development Strategy (AHRDS)

funded skills development, targeted wage subsidies, self employment support, job creation partner-

27Indspire also focusses on supporting Indigenous students in overcoming specific constraints to accessing higher
education, like caregiving duties, which affect a large number of Indigenous post-secondary students (Wiebe, 2020).
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ships, and employment assistance services for Indigenous peoples (Office of the Auditor General

of Canada, 2018; Human Resources and Skills Development Canada, 2009). A version of this

program exists today as the Indigenous Skills and Employment Training (ISET) strategy. Unlike

many existing labour market programs ISET participants need not be Employment Insurance ben-

eficiaries and ISET programs are delivered to Indigenous peoples by Indigenous service delivery

organizations funded through contribution agreements with Indigenous agreement holders. Though

quantitative evaluations of these programs are only recently becoming available, these early studies

suggest that active labour market programs positively impact Indigenous labour market outcomes

(Employment and Social Development Canada, 2020; Feir, Foley, and Jones, 2021).

Although the expansion or modification of these existing policies discussed above can serve

as guidance on public policies that could indirectly increase test scores for Indigenous students,

it is important to keep in mind our finding that a large portion of the test gap is the result

of unexplained factors. Since the returns to characteristics 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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Guimond, E. (2009). L’explosion démographique des populations autoctones du Canada de 1986 à
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Figure 1: Regression adjusted test gap between Indigenous and white students by age and cycle.
Each cross section includes the coefficient estimates from a separate regression that includes the
full set of controls and fixed effects. Triangles represent coefficient estimates and bands represent
95% confidence intervals.
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Figure 2: Empirical CDF of Indigenous and non-Indigenous test scores
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(a) Raw Densities (b) Coefficients

(c) Covariates (d) Coefficients and Covariates

Figure 3: 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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B Tables

Table 1: 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)

Weighted N. Observations 174,577 15,876,782

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 2: Difference in Test Scores between Indigenous and Non-Indigenous Youth

(1) (2) (3) (4) (5) (6)

Identifies Indigenous -0.444∗∗∗ -0.361∗∗∗ -0.352∗∗∗ -0.308∗∗∗ -0.310∗∗∗ -0.310∗∗∗

(0.057)++ (0.046)++ (0.052)+++ (0.058)+++ (0.055)+++ (0.053)+++

Immigrant 0.278 0.329 0.320 0.280∗ 0.277 0.254
(0.185) (0.196) (0.179) (0.150) (0.152) (0.143)

Male -0.0377 -0.0318 -0.0335 -0.0330 -0.0317 -0.0343
(0.048) (0.049) (0.049) (0.046) (0.046) (0.044)

LICO Ratio 0.0921∗∗∗ 0.0932∗∗∗ 0.0637∗∗∗ 0.0619∗∗∗ 0.0577∗∗∗

(0.008) (0.009) (0.002) (0.003) (0.003)

Single Parent -0.0362∗ 0.103∗∗∗ 0.103∗∗∗ 0.0994∗∗∗

(0.019) (0.014) (0.014) (0.016)

Number of Siblings 0.0565∗∗∗ 0.0464∗∗∗ 0.0444∗∗∗ 0.0412∗∗

(0.012) (0.012) (0.012) (0.013)

Primary Care High School 0.184∗∗∗ 0.173∗∗∗ 0.174∗∗∗

(0.019) (0.019) (0.019)

Primary Care 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 0.465∗∗∗ 0.273∗∗∗ 0.204∗∗∗ -0.0881 -0.0550 -0.0575
(0.039) (0.045) (0.060) (0.065) (0.065) (0.149)

Observations 34500 34500 34500 34500 34500 34500
Adjusted-R2 0.120 0.140 0.143 0.164 0.167 0.171

Notes: The dependent variable in each column is the standardized math score. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. All specifications include controls of
whether the individual identifies as Black, Chinese, South Asian, or “Other” minority group. The omitted ethnicity
is white, so that the Indigenous coefficient estimates represent the test score gap relative to white students. The
omitted schooling category 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. Standard
errors clustered by province are in parentheses: ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. Given the small number of
clusters, we also report significance levels on all “Indigenous Identity” coefficients from the wild cluster bootstrap
constructed using the boottest stata package of Nielsen et al. (2019) with 999 replications: +p < 0.1, ++p < 0.05,
+++p < 0.01.
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Table 3: Heckman Corrected Estimates of Test Score Gap

(1)

Heckman Adjusted Estimates

Identifies Indigenous -0.220∗∗∗

(0.045)

Constant 0.165∗∗

(0.079)

Pr(Wrote Test)

Identifies Indigenous -0.284∗∗∗

(0.057)

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. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. 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. All specifications
also control for whether the individual identifies as Black, Chinese, South Asian, or “Other” minority group. The
omitted ethnicity is white, so that the Indigenous coefficient estimates represent the test score gap relative to white
students. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 4: Difference in Test Scores between Indigenous and Non-Indigenous Youth by Subsample

Gender LICO Low Birth Weight Single Parent Region

Full Sample Female Male Below Med Above Med Yes No Yes No Western Central Atlantic

Identifies Indigenous -0.310∗∗∗ -0.318∗∗ -0.326∗∗∗ -0.379∗∗∗ -0.0780 -0.902∗∗∗ -0.291∗∗∗ -0.491∗∗∗ -0.140 -0.389∗∗∗ -0.226∗ 0.130
(0.053)+++ (0.104)+ (0.092)+++ (0.036)++ (0.069) (0.076) (0.052)++ (0.090)++ (0.079)++ (0.047)+++ (0.031)+++ (0.093)

Constant -0.0575 0.0732 -0.236∗ -0.0254 -0.322∗ 0.156 -0.0701 0.172 -0.232 -0.378∗ 0.126 -0.169
(0.149) (0.204) (0.114) (0.229) (0.174) (0.208) (0.147) (0.104) (0.226) (0.159) (0.191) (0.128)

Observations 34500 17300 17200 16800 17700 2000 32500 6000 28500 11600 15200 7600
Adj. R2 0.171 0.188 0.168 0.173 0.168 0.161 0.172 0.189 0.168 0.182 0.168 0.169

Notes: The dependent variable in each column is the standardized math score. Due to the reporting restrictions associated with the NLSCY, observations have
been rounded to the nearest 100. All specifications include controls of whether the individual identifies as Black, Chinese, South Asian, or “Other” minority
group. The omitted ethnicity is white, so that the Indigenous coefficient estimates represent the test score gap relative to white students. All regressions include
the full set of controls and fixed effects. Western provinces include British Columbia, Alberta, Saskatchewan and Manitoba; Central provinces include Ontario
and Quebec; Atlantic provinces include Prince Edward Island, Nova Scotia, New Brunswick and Newfoundland and Labrador. Standard errors clustered by
province are in parentheses: ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. Given the small number of clusters, we also report significance levels on all “Identity” coefficients
from the wild cluster bootstrap constructed using the boottest stata package of Nielsen et al. (2019) with 999 replications: +p < 0.1, ++p < 0.05, +++p < 0.01.
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Table 5: Oaxaca-Blinder Decomposition of Test Score Gap

(1)

Identifies White -0.0542
(0.061)

Identifies Indigenous -0.619∗∗∗

(0.070)

Difference 0.565∗∗∗

(0.099)

Explained 0.207∗∗∗

(0.048)

Unexplained 0.358∗∗∗

(0.074)

Observations 24000

Notes: The dependent variable in each column is the standardized math score. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. 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.
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Table 6: Quantile Regression Estimates of Differences in Test Scores

OLS p(10) p(25) p(50) p(75) p(90)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Identifies Indigenous -0.490∗∗∗ -0.347∗∗∗ -0.399∗∗∗ -0.284∗∗∗ -0.420∗∗∗ -0.243∗∗∗ -0.591∗∗∗ -0.410∗∗∗ -0.483∗∗∗ -0.254∗∗ -0.445∗∗∗ -0.360∗∗∗

(0.061) (0.060) (0.029) (0.046) (0.053) (0.048) (0.031) (0.039) (0.156) (0.101) (0.128) (0.112)
Controls X X X X X X

Observations 34500 34500 34500 34500 34500 34500 34500 34500 34500 34500 34500 34500

Notes: The dependent variable in each column is the standardized math score. Due to the reporting restrictions associated with the NLSCY, observations have
been rounded to the nearest 100. All specifications include controls of whether the individual identifies as Black, Chinese, South Asian, or “Other” minority
group. The omitted ethnicity is white, so that the Indigenous coefficient estimates represent the test score gap relative to white students. All regressions include
the full set of controls. All columns include CMA-province, age, and survey wave fixed effects. The omitted ethnicity is white, so that all coefficient estimates
represent the test score gap relative to white students. Robust standard errors are in parentheses: ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 7: Percent of Indigenous Students Below Percentiles of Non-Indigenous Distribution

p1 p10 p25 p50 p75 p90 p99

Identifies Indigenous .025 0.24 0.50 0.78 0.94 0.99 1.00
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Table 8: 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 ωcovari,r,a,s Covariates

Y coef
i,r,a,s ωcovari,r,a,s Coefficients and covariates
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Table 9: Differences between Counterfactual Indigenous and non-Indigenous Distributions

OLS p(10) p(25) p(50) p(75) p(90)

Panel A: Actual Distribution

Identifies 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

Identifies 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

Identifies 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

Identifies 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. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. 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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C Online Appendix

Table A1: Assessment of Bias from Omitting LICO

Full Sample Has LICO LICO Control

Identifies 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. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. All columns include CMA-province,
age, and survey wave fixed effects. Standard errors clustered by province are in parentheses: ∗p < 0.1, ∗∗p < 0.05,
∗∗∗p < 0.01. Given the small number of clusters, we also report significance levels on all “Identity” coefficients from
the wild cluster bootstrap constructed using the boottest stata package of Nielsen et al. (2019) with 999 replications:
+p < 0.1, ++p < 0.05, +++p < 0.01.
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Table A2: Difference in Test Scores Between Indigenous and Non-Indigenous Youth (Inverse
Propensity Weights)

(1) (2) (3) (4) (5) (6)

Identifies Indigenous -0.401∗∗∗ -0.340∗∗∗ -0.318∗∗∗ -0.309∗∗∗ -0.318∗∗∗ -0.314∗∗∗

(0.034)+++ (0.030)+++ (0.032)+++ (0.027)+++ (0.025)+++ (0.022)+++

Immigrant 0.267∗∗ 0.310∗∗ 0.306∗∗∗ 0.275∗∗∗ 0.274∗∗∗ 0.269∗∗∗

(0.096) (0.106) (0.091) (0.075) (0.079) (0.082)

Male -0.0464 -0.0389 -0.0406 -0.0394 -0.0366 -0.0389
(0.053) (0.050) (0.049) (0.053) (0.052) (0.052)

LICO Ratio 0.108∗∗∗ 0.106∗∗∗ 0.0720∗∗∗ 0.0702∗∗∗ 0.0658∗∗∗

(0.016) (0.018) (0.010) (0.011) (0.009)

Single Parent -0.0680 0.0723∗ 0.0703∗ 0.0629∗

(0.043) (0.033) (0.033) (0.034)

Number of Siblings 0.0504∗∗∗ 0.0409∗∗ 0.0386∗∗ 0.0350∗

(0.015) (0.015) (0.015) (0.017)

Primary Care High School 0.223∗∗∗ 0.213∗∗∗ 0.210∗∗∗

(0.035) (0.034) (0.031)

Primary Care 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 0.534∗∗∗ 0.305∗∗∗ 0.253∗∗ -0.0479 -0.0128 0.0103
(0.040) (0.056) (0.085) (0.099) (0.102) (0.206)

Observations 34500 34500 34500 34500 34500 34500
Adjusted-R2 0.135 0.158 0.161 0.178 0.181 0.187

Notes: The dependent variable in each column is the standardized math score. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. All specifications include controls of
whether the individual identifies as Black, Chinese, South Asian, or “Other” minority group. The omitted ethnicity
is white, so that the Indigenous coefficient estimates represent the test score gap relative to white students. Omitted
schooling category 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. Standard errors
clustered by province are in parentheses: ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. Given the small number of clusters,
we also report significance levels on all “Identity” coefficients from the wild cluster bootstrap constructed using the
boottest stata package of Nielsen et al. (2019) with 999 replications: +p < 0.1, ++p < 0.05, +++p < 0.01.
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Figure 4: Regression adjusted test gap between minority and white students by age and cycle.
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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Table A3: Difference in Test Scores between Indigenous and Non-Indigenous Youth by Age

(1) (2) (3) (4) (5) (6) (7) (8)
8 9 10 11 12 13 14 15

Identifies Indigenous -0.185 -0.0837 0.0316 -0.262 -0.493∗∗ -0.494∗∗∗ -0.296∗∗ -0.550∗∗

(0.172) (0.185) (0.115) (0.196) (0.165)+ (0.148)++ (0.100)+ (0.176)+

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)

Observations 3700 3500 4500 4200 5100 4700 4500 4300
Adjusted-R2 0.133 0.157 0.200 0.216 0.224 0.197 0.160 0.176

Notes: The dependent variable in each column is the standardized math score. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. All specifications include controls of
whether the individual identifies as Black, Chinese, South Asian, or “Other” minority group. The omitted ethnicity
is white, so that the Indigenous coefficient estimates represent the test score gap relative to white students. Each
column includes the full set of controls and fixed effects. Standard errors clustered by province are in parentheses:
∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. Given the small number of clusters, we also report significance levels on all
“Identity” coefficients from the wild cluster bootstrap constructed using the boottest stata package of Nielsen et al.
(2019) with 999 replications: +p < 0.1, ++p < 0.05, +++p < 0.01.
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Table A4: Difference in Test Scores between Indigenous and Non-Indigenous Youth by Year

(1) (2) (3) (4) (5) (6) (7)
1996 1998 2000 2002 2004 2006 2008

Identifies 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)+

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 4800 4500 6200 7200 5800 4000 2000
Adjusted-R2 0.121 0.189 0.132 0.129 0.170 0.172 0.183

Notes: The dependent variable in each column is the standardized math score. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. All specifications include controls of
whether the individual identifies as Black, Chinese, South Asian, or “Other” minority group. The omitted ethnicity
is white, so that the Indigenous coefficient estimates represent the test score gap relative to white students. Standard
errors clustered by province are in parentheses. Each column includes the full set of controls. ∗p < 0.1, ∗∗p < 0.05,
∗∗∗p < 0.01. Given the small number of clusters, we also report significance levels on all “Identity” coefficients from
the wild cluster bootstrap constructed using the boottest stata package of Nielsen et al. (2019) with 999 replications:
+p < 0.1, ++p < 0.05, +++p < 0.01.
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Table A5: Oaxaca-Blinder Decomposition of Indigenous-White Test Score Gap

Explained Unexplained

LICO Ratio 0.0437∗∗∗ -0.0218
(0.01) (0.095)

Male 0.00311 -0.0888
(0.004) (0.064)

Single Parent -0.0304∗∗ 0.0433
(0.012) (0.030)

Number of Siblings -0.00755 0.249∗∗∗

(0.011) (0.052)

PCG High School 0.0250∗∗ 0.430∗∗∗

(0.011) (0.08 )

PCG Post-Secondary 0.0325∗∗∗ -0.000226
(0.009) (0.06)

Spouse High School 0.0306∗∗∗ -0.0735∗∗

(0.009) (0.036)

Spouse Post-Secondary 0.0265∗∗ -0.0536
(0.011) (0.052)

Low Birth Weight -0.00279 0.0202
(0.002) (0.014)

Teenage Mother 0.00450∗ 0.0116∗∗

(0.003) (0.005)

Public School 0.000195 -0.0585
(0.002) (0.231)

Catholic School 0.000205 0.0022
(0.004) (0.071)

Private School 0.00879∗∗ 0.0266
(0.004) (0.022)

Other School 0.000516 0.00459
(0.001) (0.005)

Observations 24000 24000

Notes: The dependent variable in each column is the standardized math score. Due to the reporting restrictions
associated with the NLSCY, observations have been rounded to the nearest 100. The omitted ethnicity is white, so
that all coefficient estimates represent the test score gap relative to white students. Omitted schooling category 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 Standard errors clustered by province are in parentheses:
∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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