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Abstract

Using the Youth in Transition Survey (YITS-A) we estimate a Roy model with a two dimensional
latent factor structure to consider how both cognitive and non-cognitive skills influence endogenous
schooling decisions and subsequent labour market outcomes in Canada. Contrasting these estimates
with those obtained using US data we observe several similarities including non-cognitive skills
playing a similar role in determining income at age 25 as cognitive skills. Further, our findings
indicate that it is crucial to account for the dynamics in decision making, since the effect of cognitive
skills on adult incomes arises by one increasing the likelihood of obtaining further education in both
countries. However there are striking differences when exploring the relationships between genders
and across family background. The college graduation rate of Canadian women exceeds that of US
women, particularly among those with low cognitive skills. However, the age 25 earnings gradient
by either cognitive or non-cognitive skill is much flatter in Canada than the United States. Last,
policy simulations indicate a recent emergence of relative inequality in Canada, where high skilled
children of less-educated parents now on average earn less at age 25 than children whose cognitive
skills are in the bottom decile but have high-educated parents. This evidence appears consistent
with both findings on the geographic nature of inequality in the United States and sociological
studies which explore whether there is truly equality of opportunity.
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1 Introduction

Commentators in both the popular press and policy circles routinely forecast that economic inequality

between skilled and unskilled workers within nations will continue to grow. Skills are now believed to

drive economic growth and social progress. Indeed, a mantra among many policy analysts today is

that talent is the new driver of global competitiveness and without a sufficient supply of skilled workers

that can utilize the latest technologies, a country’s economy will fall behind its competitors. After all,

globalization and technological progress have already led to massive transformations of many national

labor markets over the past three decades and skill shortages and mismatches are now believed to have

substantial effects on the productivity of labor. Thus, it is not surprising that educational attainment is

no longer sufficient to ensure one’s lifetime success and statistics from many developed nations indicate

that recent university graduates are facing larger challenges when moving from school to work. Faced

with growing anxiety from its citizens in response to many of these claims, governments around the

world are continuing to devise policies that aim to either develop, attract or retain high-skilled workers.

However, one of the main challenges in devising policies to either improve skill development or the

distribution of skills within a nation, is the lack of agreement on what skills and knowledge are required

now and in the future.

These disagreements have an evidence base since research has clearly established that ability is not

only multidimensional in nature (e.g. see Altonji; 2010, Borghans et al., 2008) but that skills develop

in a heterogeneous manner over the lifecycle (e.g. Hansen et al., 2003, Cunha and Heckman, 2008;

Ding and Lehrer, 2014). Further, while a substantial body of research (e.g. Cawley et al., 2001; Green

and Riddell, 2003; Herrnstein and Murray, 1994; Hartigan and Wigdor, 1989; Murnane, et al., 2000;

Heckman et al. 2006) has shown that cognitive skills such as literacy and problem-solving matter, an

emerging body of evidence (e.g. Cunha and Heckman, 2008; Borghans et al., 2008; and Almlund et.

al., 2011, among others), suggests that social and emotional skills such as perseverance and self-control

are equally as important as cognitive skills in enhancing an individuals’ future education and career
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prospects.1

Evidence in the latter studies is derived primarily from the estimation of economic models of skill

development using longitudinal data collected in either the United States, South Korea or England. Both

Canada and the United States have highly educated and skilled work forces, with similar industrial

and occupational structures and have witnessed a marked growth in wage inequality over the last

two decades. While a voluminous literature has emerged to evaluate alternative explanations for the

rise in inequality over the past decades, new research documents a recent reversal in the demand for

highly skilled workers (Beaudry et al, 2014, 2016) and growing returns to non-cognitive skills in the US

labour force (Deming, 2015). While Beaudry et al (2016) compare occupational employment and wage

trends between Canada and the US, to shed light on the relative importance between technology and

institutional forces in explaining changes in the returns to skills, we aim to go further and consider how

skills jointly influence schooling decisions and early labour market outcomes.

We present the first empirical evidence of the role of different dimensions of skills on these choices

using Canadian data and by comparing our results to those obtained with US data we strive to build on

the suggestion of Card and Freeman (1993) that ”small differences” in policies and institutions have led

to differences in economic outcomes. Some of the largest differences between the two countries relate to

who each country targets with their immigration policies and the markets for higher education. On the

latter, Belley, Frenette and Lochner (2014) estimate a substantially smaller attendance gap by parental

income in Canada relative to the US, even after controlling for family background, adolescent cognitive

achievement, and local residence fixed effects. This result suggests that the income gradient to higher

education is steeper in the United States and we aim to extend this work to determine if this can account

for findings that Canada has greater economic mobility than the United States.

1Beyond labour market outcomes, socio-emotional skills are found to be important determinants of outcomes such as

educational attainment, drug use, alcohol use, crime and delinquency (Conard, 2006; Crede and Kuncel, 2008; Duckworth,

2010).
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Specifically, to achieve this goal and understand if different roles are being played by non-cognitive

traits and cognitive traits in the acquisition of human capital and in the labour market return to human

capital between the two countries, we first present new evidence from Canada and then contrast our

findings with the existing US literature. That is, we contribute to a growing literature which considers

schooling and the labour market jointly along with multiple dimensions of skills using longitudinal

data that tracks a cohort of Canadians from late adolescence in grade 10 until they are 25 years

of age.2 Our empirical analysis, follows earlier research using US data that builds on the economic

framework developed in Willis and Rosen (1979) who model self-selection into college and potential

earnings within a traditional Roy model.3 Rather than follow Willis and Rosen (1979) who subsequently

use proxy variables to account for dimensions of unobserved ability we follow a growing literature that

includes Heckman et al. (2006) and Urzua (2008), which treats skills as a vector of low dimensional

factors. These papers use linear factor analysis methods to recover latent skills since it offers substantial

advantages relative to using proxy variables. For example, we can more accurately capture multiple skill

dimensions and also account for potential measurement errors in these latent skills while imposing weaker

assumptions on the data.4 An additional key feature of our empirical approach is that it incorporates

the dynamics in decision making that Altonji et al. (2013) argue is crucial to understand the role of

higher education in the economy. After all, individual decisions to invest in higher education reflect in

2To the best of our knowledge, only Foley, Galipoli and Green (2014) have used the combination of factor analysis

methods to capture cognitive and non-cognitive skills with the YITS-A data that we employ. Their study solely focuses

on a single education outcome: high school drop-out for boys. However, we follow the guidance from their study and

carefully account for parenting which was shown to play a large role in drop out decisions.
3In a Roy Model, individuals compare the potential outcomes across each feasible choice such as whether or not to

attend university and choose the alternative that yields the highest payoff.
4Cunha et al (2010) introduce a nonparametric approach that relaxes the linearity assumptions made in Cunha and

Heckman (2008) that is also utilized within this paper. While the computational challenges associated with the former

approach are large with a two-dimensional factor structure, we only considered a linear framework since one of our

motivations of this study is to compare the results with US evidence that each utilized such an approach.
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part skills measured during high school and both skill and educational investments may influence labour

market outcomes. By explicitly considering the dynamic pathways, we can separate out how different

skills measured at earlier ages are at play for schooling and labour market outcomes. Last, we also

contribute to this literature by examining how the estimated relationships differ between the genders

and across family background lines.

Our analysis using Canadian data first finds that non-cognitive skills play a role in determining

income at age 25 that is on par with that of cognitive skills. Second, we find that accounting for the

dynamic in decision making is crucial to understand the channel through which cognitive skills affect

adult incomes. The effect of cognitive skills arises by increasing the likelihood of obtaining further

education, in this case a university degree. Conditioning on this educational choice, our analysis suggests

that cognitive skills are not relevant to yearly earnings at age 25. On the other hand non-cognitive skills,

also relevant to later income levels through the channel of educational choice, are rewarded in the labour

market at age 25. Third, simulations using the estimated model shows that the cumulative effect of

these two channels of influence are at least as great as that of cognitive skills. Simulated growth in social

and emotional skills from the lowest to the highest decile results in an increase in tertiary completion

by 20 percentage points and an increase in annual income by $7,900 CAD. This result would suggest

equal attention should be given to policies that cultivate different dimensions of non-cognitive skills as

those focusing on cognitive

While, the first three findings are consistent with the body of evidence from a number of studies using

US data including Heckman et al. (2016), we find very different patterns in the relationship between

skills and labour market outcomes by gender and parental background in Canada relative to the US.5

Specifically, we observe that the probability of self-reported tertiary education completion at age 25 is

5As we discuss in section 5, the majority of work looking at skill development in the US has utilized data from the

NLSY79. Given the substantial changes in institutions within the labor market, the well documented rising returns to

skills and the claims of specific skill shortages by employers, evidence drawn from this period may better inform policy

debates.
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above 30% in every cognitive skill decile for girls. In addition, the gradient in college graduation across

non-cognitive skill deciles is quite flat for Canadian women. These results contrast sharply with work

by Prada and Urzua (2014) that used the NLSY79 and found in the bottom deciles of cognitive skills,

college completion rates in the US are below 20%.6 A second surprising finding is that we observe

that at every skill decile, children of less educated parents earn less than the corresponding children of

high educated parents; where a child of high educated parents has at least one parent with some college

education. Most surprising is that children of less educated parents but with very high skills are found to

not earn significantly different amounts than children in the lowest skill decile from high educated parent

households.7 This analysis suggests that after the 2009 recession, Canadian children whose parents did

not study beyond high school will on average earn less than children from other households, irrespective

of their skills. Thus, the labour market and career prospects they face differ sharply which may lead

to a persistent widening of inequality and convergence of other social and economic trends between the

two sides of the 49th parallel.

This paper is structured as follows. Section 2 describes the data we use in this study focusing

on the measures that we can use to identify different dimensions of cognitive and non-cognitive skills.

We sketch the economic framework that underlies the econometric analysis in section 3. We discuss

the conditions needed to identify the structural parameters of the model. Our empirical results using

Canadian data are presented and discussed in section 4. We also conduct a number of simulations to

more clearly illustrate the role played by the two dimensions of skill on each outcome. In section 5, we

summarize evidence from the labour economics that used a similar methodological approach with US

data and contrast those results to our findings. Finally, we discuss both future research directions and

the policy implications of our main results in the concluding section.

6In addition, evidence from US studies generally finds that the gradient in college completion is generally steeper in

non-cognitive skills than with cognitive skills.
7As we discuss in Section 5, the available US evidence does not uncover these patterns, which may be a result of using

data collected in the prior decade.
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2 Data

To provide the first piece of Canadian evidence, we use data from the Youth in Transition Survey (YITS-

A) collected by Statistics Canada. This study used a two-stage sampling frame to follow a nationally

representative cohort of 15-year olds. In the first stage, 1,187 schools were selected. From these schools,

29,867 students were randomly selected in the second stage. Each of these students completed the first

OECD Performance for International Student Achievement (PISA) reading test as well as being asked

to complete a separate YITS survey questionnaire.8 In the first cycle, students as well as both their

school principal and either a parent or guardian who identified him or herself as ”most knowledgeable”

about the child completed a survey, provide additional and likely more accurate measures of home and

school inputs.9 Follow-up surveys were conducted with only the students on a biennial basis until they

reached 25 years of age.

An important feature of the YITS-A data is that it contains measures of cognitive skills obtained

from three domains of the PISA test. While every student within the sample completed the reading

test, only half of them wrote the math or science test. In addition there are a battery of questions to

measure multiple dimensions of non-cognitive skills. In this draft, we use information collected from

three scales. Self-esteem is measured using the 10-item Rosenberg (1965) scale that measure’s one

general feelings of self-worth. A self-efficacy scale adapted from Pintrich and Groot (1990) measures

perceived competence and confidence in academic performance. Last, a sense of mastery scale provides

an appraisal of the individual’s sense of broader control and consists of questions related to one’s ability

to do just about anything they set their minds to. Given the data is collected from three sources, a

rich set of controls including demographics, parental education and family income are available. In our

analyses besides standard conditioning variables, we also use information on the expectation of one’s

8Of these 29,330 participants completed the survey.
9Approximately, 13 percent of the parents did not complete the parental survey which was conducted over the phone.
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peers at age 15, family structure, family income and wealth,10 immigration status, home educational

resources and information on parental discipline as additional controls. The definitions of the variables

we use in this study are provided in detail in Appendix Table 1.

Throughout our analysis we control for geographic differences since there is substantial regional

heterogeneity in both labour markets and how higher education is delivered. In particular, the province

of Quebec has a special system where students only attend secondary school to the equivalent of grade

11. Following high schools student can attend a two year Collège d’enseignement général et professionnel

or CEGEP as it is commonly known, which further prepares one for a university degree. Those attending

university in Quebec normally can complete their studies in three years, compared to four years in the

rest of Canada. Last, a number of students interested in a technical program generally attend one for

three years at a CEGEP.

As with many longitudinal studies, there is substantial attrition within the YITS-A. While Statistics

Canada does provide sampling weights to accommodate several of these features, given that we focus

on cognitive and non-cognitive skills, we restrict our sample to include those individuals who completed

all three PISA tests and have a parental survey along with complete income and education data at age

25. In addition, we dropped a handful of subjects that were either i) home-schooled or ii) attending

a school on an Indian reserve at age 15, or iii) that no longer residing in Canada at age 25. All of

these restrictions combine to substantially reduce the number of observations available and the final

sample consists of approximately 1600 individuals. Those who remain in the sample as a whole represent

Canadians who possess both higher cognitive and non-cognitive test scores. Specifically, the average

score is .1 to .4 standard deviations higher for this estimation sample relative to the full sample in the

YITS-A. In other words, our analysis is undertaken on a group that is more skilled than the general

10Income is derived from wages/salaries, self-employment, and governmental transfers and social assistance. In contrast

wealth is a proxy calculated by the availability of a suite of material goods including dishwasher, cell-phones, television

sets, cars, computers, number of bathrooms in the primary residence and whether the student has both her own bedroom

and access to the internet at home.
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population.

3 Model

In an important paper, Willis and Rosen (1979) develop and estimate a model of the demand for school-

ing that takes accounts of heterogeneity in ability levels, tastes and the capacity to finance schooling

investments. The model assumes that high school or college education prepares an individual for a

position in one of two occupations and allows for the possibility of comparative advantage. Similar to

the Roy (1951) and Heckman and Sedlacek (1985) models, the notion that individuals may have latent

talents that are not directly applied on their job is considered. The main challenge that empiricists face

in this area is that the latent factors are unobserved to the econometrician and we will follow an emerg-

ing body of research that uses factor analysis methods to identify these factors and their distribution;

as an alternative to employing proxies.

Briefly, this model involves three steps that are important for the empirical strategy. First, we

need to estimate the dimensions of ability when the child reaches age 15. We assume that each child

is endowed with a two dimensional ability vector θ at conception. Ability may subsequently develop

due to parental investments and other environmental interactions that may interact with the child’s

invariant genetic characteristics. We will use factor analysis methods to estimate a system of test score

equations designed to identify and recover the distribution of latent abilities. With latent abilities we

next consider estimating equations that integrate over these distributions to focus on how skills affect

two decisions the child makes after age 15: whether to complete a university degree and subsequently

which sector of the economy to work in. These dynamics in decision making are important since we will

assess the importance of latent skills in determining outcomes in early adulthood, while conditioning on

university completion. We specifically explore the impact of cognitive and non-cognitive skill levels on

employment, income, use of employment insurance in the past 12 months, and voluntary work (once a
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month).11 The structural parameters from these estimated equations are then used to simulate outcomes

given different levels of the two skills. Our framework is similar to the setup that was used in studies

using US data including Carneiro et al. (2003), Heckman et al. (2006) and Prada and Urzua (2014), so

to later facilitate comparisons we follow their identification strategy. Below, we expand on elements of

the model with a focus on how identification is obtained in each step and then outline the estimation

strategy.

3.1 Latent Ability

Since ability is multidimensional and difficult to measure precisely, a range of statistical and psychome-

tric techniques have been developed to measure these latent characteristics. Intuitively, the idea is that

many test scores and questionnaires in surveys designed to measure a concept can be viewed as noisy

proxies for domains of ability. For example, performance on either a reading or a math exam may be

a noisy proxy for latent intelligence. Since these proxies of ability are imperfect and based on a noisy

signal of an individual’s underlying abilities and thus are subject to error. A growing number of studies

by economists have built on insights in Kotlarski (1967) to develop methods to identify the underlying

distribution of latent abilities using at least three measures of noisy proxies.12

In the first step, we must assume the number of domains of latent ability we wish to identify and

which elements of the YITS-A data provide a noisy signal of the skill in question. We consider cognitive

skills that will be identified by the latent factor associated with three standardized tests(reading (T c0 ),

science (T c2 ), and mathematics (T c1 )) from the PISA test, as well as non-cognitive ability is governed by

the latent factor associated with the scales associated with self-esteem (T se0 ), self-efficacy (T se2 ), and a

11Results related to income appear in the main text and a discussion of the analyses that consider the other three

outcomes is contained in the online appendix.
12See Carneiro et al. (2003) for further details but in accuracy to identify f factors we only need 2f + 1 test scores. In

our analysis, we will have one extra test score.
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sense of mastery (T se1 ).13 This factor is loosely interpreted in the remainder of the text as confidence:

confidence in oneself or one’s self-image, one’s ability to master material, and one’s ability to influence

outcomes.

Equation (1) describes a measurement system which links the relationship between the test measures

found in the data, T , the unobserved traits (or factors), θs, and the individual context, Q. We use the

subscript i to refer to the test of interest and the superscript s to the related skill, c for cognitive and

se for socio-emotional or non-cognitive. We are interested in identifying and estimating both the factor

loadings and factors’ distributions from the following linear measurement system

T c0 = π0 + φc0Q
c + ψc0θ

c + uc0 (1)

T c1 = π1 + φc1Q
c + ψc1θ

c + uc1 (2)

T c2 = π2 + φc2Q
c + ψc2θ

c + uc2 (3)

T se0 = π0 + φse0 Q
se + ψse0 θ

se + use0 (4)

T se1 = π1 + φse1 Q
se + ψse1 θ

se + use1 (5)

T se2 = π2 + φse2 Q
se + ψse2 θ

se + use2 (6)

where Qcand Qse include socio-economic status, family composition and background, and parental

inputs specific to the skills in question.14 The key parameters of the equation are given by φsi and ψsi

The estimated parameters in vector φsi identify the effect of family context, learning environment, and

personal characteristics on the given test score. Likewise, the effects of the underlying trait are captured

in the parameter ψsi , which is subsequently referred to as the factor loadings. Finally, usi is the vector

13Non-cognitive abilities are heterogeneous and difficult to reduce to one factor. While we could consider additional

domains of non-cognitive skills using other variables measured in the YITS-A, we focus on a single non-cognitive factor

to facilitate comparisions with prior U.S. studies that considered only a single non-cognitive domain.
14To facilaitate comparisons with the US literature we follow Heckman et al (2006) and Urzua (2008), among others by

assuming that cognitive and non-cognitive factors are independent.
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of the error terms that is assumed independent of the observed characteristics, their associated factors

as well as being mutually independent with an associated distribution f si (·).15

In our analysis Qcand Qse differ only in that former contains home educational resources and the

latter also contains parenting measures described in appendix table 1. For identification, we normalize

one of the loadings for each factor and set ψc2 = 1 and ψse2 = 1. By making this normalization and using

insights from Kotlarski (1967) we can also identify the distribution of θ for each skill;.F c
θ (·) and F se

θ (·).16

Last, as a robustness exercise in the formulation of equation (1) we considered a variant that allowed

the PISA standardized test scores to reflect both cognitive and non-cognitive skills but cognitive skills

were excluded in the equations used to measure the scales and there were no major differences in the

results but there were computational costs.17 Doing so also facilitates comparisons to Prada and Urzua

(2014) and pother studies using U.S. data who also excluded the non-cognitive skill from the equations

linking cognitive test scores.

3.2 The Education Decision

We now model the impact of skills on an educational investment decision: whether to complete a uni-

versity degree or not. This decision is based on expected returns given their levels of latent ability

that has been accumulated by age 15 and their potential earnings for each education level. We assume

that latent abilities are unobserved by the econometrician but the individual has full information about

15This independence implies that all the correlation in observed choices and measurements is captured by latent unob-

served factors.
16Kotlarski (1967) shows these distributions are nonparametrically identified and the remaining loadings in equation

(1) are interpreted relative to ψc
2 and ψse

2 . See Carneiro et al. (2003) for further details on identification.
17There are no natural units for these skills. We follow earlier literature that did not include non-cognitive ability as a

determinant of any cognitive test score and vice versa. While these cross-constraints can be relaxed, Urzua (2008) clearly

points out that there is a high cost in doing so since it would make the interpretation of the components of the factors to

no longer be straightforward.
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his/her abilities, as well as knowledge of their returns. We do not consider the exact timing of the deci-

sions and assume that individuals make optimal educational choices when deciding between completing

and not completing a university degree by the age of 25. Each individual chooses the education level

and sector of employment that provides the highest payoff among the feasible choice set. Define D = 1

to be a binary indicator of whether an individual completes university if D =1 if this alternative yields

the highest net benefits which is modeled as

D = 1[γDZ + λcθ
c + λseθ

se + v > 0] (7)

where Z is a vector of personal, family and peer characteristic, θc and θse are the unobserved skills, and

v is an idiosyncratic error term with a standard Normal distribution. The estimated parameters, λc, λse

and γD, estimate the influence of the corresponding covariates on the decision to complete university.

It can be expected that while cognitive skills (or a proxy of them) may govern the decision to apply,

attend, and complete university, parents may also influence these decisions. For example, one’s parents

may have emphasized the importance of further education or prepared financially to support a youth’s

university education. Parental variables that measure attitudes to their child’s education may also be

correlated with cognitive and non-cognitive skills, and thus to get unbiased estimates of the effects

of these skills on educational investment decisions, they must be accounted for.18 Additionally, the

influence of youth peer group is incorporated in the estimating equation via a measure of the youth’s

perception of the number of her friends that are planning to obtain high education. Since we do not use

proxies for the skills in the spirit of Willis and Rosen (1979), we will integrate over the unobservable skill

endowments for all the outcomes associated with the model when we conduct estimation as described

in the next sub-section.

18Recall, due to missing data our final sample contains children with higher skills then the general population, reinforcing

the need to control for parental variables.
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3.3 The Labour Market at Age 25

We separately model a variety of early labour market outcomes. In each case, we consider a pair

of outcome equations, each corresponding to a specific education choice. Let Y1i and Y0i denote the

outcome of interest if person i completed university or did not, respectively. The system of outcome

equations is given by

Y1 =

 γY1X + λY1c θ
c + λY1se θ

se + v1 if D = 1

0 if D = 0

 (8)

Y0 =

 0 + if D = 1

γY 0X + λY 0
c θc + λY 0

se θ
se + v0 if D = 0

 (9)

where X is a vector of personal and family characteristics and v1 and v0 are idiosyncratic error terms

from a standard Normal distribution. While we only discuss the results related to income in this text,

in the online appendix we separately consider employment, volunteering and the use of employment

insurance at age 25 as outcomes. Note that adding equation (7) to equation (8) is similar to models

that underlie a rich literature that explored whether there are sheepskin effects in education in the

labour market.

3.4 Estimation

Equation sets (1) and (2) constitute a system in which the education decision is specified jointly with the

measurement equations. To estimate the parameters of the model, factor loadings and characteristics of

the distributions of the factor loadings, we rely on the assumption that conditional on unobserved skills

all of the idiosyncratic errors are mutually independent to use maximum likelihood estimation. Since

the true underlying distribution for the skills may take many forms, we are flexible and approximate
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it using a mixture of normals.19 Define β to be the vector of all the parameters of the model and

W = {Q,Z,X}. Specifically, the likelihood is

L(β|W ) =
n∏
i=1

∫∫
f(Di, Yi, Ti|Qi, Zi, Xi, θ

cθse)dF c
θ (·)dF se

θ (·) (10)

where we integrate over the distribution of two factors due to their unobserved nature. In practice, we

use Gauss-Hermite quadrature for numerical integration.20 In the next section, we discuss estimates of

this model that consider the impact of unobserved abilities on educational choices and income at age

25 as the final outcome.21

4 Results

We begin by discussing the parameter estimates, factor loadings and factor distributions obtained from

maximizing likelihood estimation of equation (10).22 Table 1 presents estimates of the full factor model

19To the best of our knowledge, Ferguson (1983) was the first to prove that a mixture of normals can approximate any

distribution. By being flexible we mean that we wish to impose as few restrictions as possibile on the factor distributions.
20We should note that since all of the other labour market outcomes at age 25 that we considered are discrete indicators

and as such an individual’s contribution to the likelihood function is simply the product of normal CDF evaluations when

we condition on the factors.
21To facilitate the discussion, we only present the set of results corresponding to this specific labour market outcome.

Note, the parameter estimates are extremely similar to those using other outcomes such as volunteering and employment

insurance take-up at age 25. Those results and associated discussion are presented in an online appendix and briefly the

main findings are that: a) non-cognitive skills alone affect the use of employment insurance (EI); and b) higher cognitive

skills are also associated with increased levels of volunteering. Specifically, the similations demonstrate that for those with

a university degree non-cognitive skill are correlated with a decrease in the use of EI while the opposite is true of those

without a degree.
22In the next subsection, we present a series of counterfactual policy evaluations that consider the full set of labour

market outcomes at age 25 available in our data. To a large extent, the primary advantage of using these methods are

to conduct these exercises. Wolpin (2013) argues these exercises are indeed one of the main motivations for estimating

structural models.
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described in equation (1) providing an examination of the importance of the given latent skills, θc

and θse alongside other covariates of interest in the six tests measures. To ease interpretation, the

scores for each of the tests has been standardized to have a mean of 0 and a standard deviation of

1. The estimates reveal striking regional differences in each cognitive measure. Ontario, the base

group, has ceteris parabus lower cognitive test scores than in both the western provinces of Canada and

Quebec. The Atlantic provinces are only significantly different from Ontario in the math score, which

is significantly higher holding all else constant. Since public K-12 education and curriculum decisions

are determined by provincial governments in Canada, it is possible that differences in the effectiveness

of the school systems are responsible for these regional differences.

The results in table 1 also suggest that holding cognitive skill constant, immigrants only fair worse on

the reading test. This is not surprising since language specific tasks should prove difficult for individuals

working in a second language but should not necessarily be reflected in other subjects that rely less on

language specific abilities. Last, there are interesting gender differences in the test score relationships.

Perhaps it is not so surprising to observe girls scoring higher on the PISA reading test, whereas boys score

higher in math. While we do not find a significant gender difference in science,23 there are large gender

differences for the non-cognitive scores. For each non-cognitive measure, females perform significantly

worse than the males.24

23Using a novel assessment based on the PISA that was administered in different regions of urban China, Ding et al

(2016) demonstrate that gender gaps in scientific performance depend heavily on which domains of scientific intelligence

being tested. The PISA science score is obtained by asking questions related to the concept of scientific literacy from four

domains -across context, knowledge, attitude and competencies.
24We are referring to a non-cognitive skill that could be capturing conscientiousness, which matters for a wider spectrum

of job complexity (Barrick and Mount 1991). We would expect that higher levels of socio-emotional abilities are more

important for some occupations requiring low-order cognitive skills, especially in the service sector (Bowles et al. 2001).

Occupational choices are driven by personality traits such as being a caring or a direct person in adolescence (Borghans et

al. 2008b). Individuals partly select occupations that correspond to their orientations. Traits related to grit (persistence

and motivation for longterm goals) seems to be essential for success no matter the occupation through their effect on
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Our results also suggest that there are important roles played by family contexts and behaviours

that enter into test performance. Family income rather than wealth plays a larger role on performance

in reading but only a small role on the math test. The channel through which income operates is

unclear. While wealth does not significantly influence cognitive test scores, it is found to have a small

but significant effect on self-esteem. This may suggest that youth self-worth is tied to their family

possessions. Parental education levels are highly correlated to the cognitive test scores measures, even

when controlling for the cognitive skill. This suggests that parental education functions as more than

a proxy for parental genetics.25 Holding skill constant, youth from non-traditional families perform

better on the reading and science tests. Not surprisingly those from non-traditional families fare worse

on measures of their non-cognitive ability and this is likely related to changes in their self-perception

relating to their experiences in transitioning between different family structures.26 As a whole, these

results suggest that the situation at home can be important to determining measures such as grades

and thus educational pathways.

Table 2 presents the estimates of λcv, λ
se
v and γ from equation (7), providing evidence on the im-

portance of cognitive and non-cognitive skills on the decision to complete university. Notice that both

skills enter the decision in a highly significant manner. To provide a more intuitive understanding of

the role of each skill we present results from a simple simulation in Figure 3.27 The two panels present

the probability of completing a university degree for each decile of the cognitive and non-cognitive skill

distribution respectively. Not surprisingly the probability of completing a degree increases dramatically

with cognitive ability. The non-cognitive skill also improves the likelihood of university completion.

education achievements (Duckworth et al. 2007).
25Other channels for transmission in student test scores are at play. For example parents with higher education may

simply provide additional emphasis on the importance of performance in academics and their children in turn simply put

in greater effort.
26Note that this does not indicate lower levels of non-cognitive skill for those in non-traditional families, though this

may be the case, but rather lower scores on the non-cognitive tests given a level of the latent non-cognitive skill.
27A full description of the simulation procedure appears subsequentlty in Section 4.1.
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While the effects are not as dramatic, levels of non-cognitive skill clearly appear to be important in

educational investment decisions. This suggests another dimension through which university education

could be encouraged.28

Several other results in table 2 are consistent with the North American literature on attending

higher education. Females are much more likely than males to complete university, holding other

factors constant. Consistent with Belley et al. (2014), family income and wealth are found to not

significantly influence the completion of university in Canada. That said, and consistent with our

speculative finding on how parental education affects test scores is suggestive of differential parental

expectations, we find that a measure of whether parents have put money aside for post-secondary

education plays a large role. This on the surface suggests that is more important that there are savings

set aside for education than current levels of family income or wealth. These savings reflect a reduction

of the opportunity cost of education but may also proxy somewhat for parental expectations of the

child’s education level. Parental standards and educations levels are also important in influencing the

choice to complete university. Similarly, our results also suggests that peers play a significant role in

determining educational attainment. Holding skill constant, individuals from the Atlantic provinces are

much more likely to go to university. This may reflect the weaker labour market for individuals with

less education in these regions.

In Table 3, the parameters λs0, λ
s
1, β0, and β1 from Equation 3 are reported for each of the four

conditional labour market outcomes of interest. The headings of D=1 and D=0 refer to those who

have completed and not completed a university degree respectively. We begin by discussing the role

28A growing literature examines lack of information as a barrier to college attendance (e.g. Bettinger et al (2013),

Hoxby and Turner (2013), among others). While the YITS did not collect data to measure student knowledge of the costs

and benfits of higher education and our model does assume perfect information, we simply wish to point out that policies

which focus on non-cognitivce skill development may boost education decisions and as we will shortly demonstrate in the

main text, we present evidence of significant returns in the labour market to these skills among those who choose not to

attend.
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of the two types of skills on age 25 income and employment status for those who complete university.

Notice, cognitive skills do not provide any additional rewards for having a higher income at age 25.

Similarly, among those completing university, there is also no effect of the cognitive skills on the rate

of employment. These results together suggest that cognitive skill levels of individuals with university

degrees are not easily distinguishable by employers and thus not rewarded by age 25.

Whether this result reflects slow employer learning (Lange, 2007) or that education in Canada

provides a meaningful signal (Bedard, 2000) remains a topic for further study. After all, it is surprising

given that the simulation results in Figure 1c suggest there is high variability in the levels of cognitive

skills amongst those with university degrees. In contrast, we observe in Table 3 that cognitive skills do

indeed improve employment rates amongst non-university graduates. The benefits of earning a higher

income or higher likelihood of having a job from possessing higher cognitive operate mainly through the

educational channel. It is likely that employers have a difficult time quickly distinguishing true levels

of cognitive skills and are forced to make judgements based on the educational signal provided by the

employee.

An alternative interpretation for the limited effect of cognitive skills on early labour market earnings

in Canada is that they may also reflect the early age at which these outcomes are examined. It could

be the case that at age 25 an employee might be relatively new to firms and have had little opportunity

for advancement or adjustment in pay based on their level of cognitive skill; however, the estimates

of experience for university graduates is relatively large and significant. This suggests fulfilling the

cognitive requirements of a given job may be less important than obtaining workplace skills or firm

specific training.

Last we see evidence of our non-cognitive skill being rewarded with higher incomes for university

graduates. This is not the case for those without a university degree, though the estimate is of a

similar magnitude.29 If the non-cognitive skills, confidence in one’s self and one’s abilities, manifest

29Interestingly, and as shown in the online appendix, we find that non-cognitive skills do not significantly affect the
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themselves in the work place, perhaps as leadership skills or through the ability to have the confidence

to be self-directed, we would not be surprised that employers might reward individuals for these skills.

These types of skills are unlike cognitive skills in that there is no universal signalling tool such as an

educational degree. One might expect these skills to also affect employment opportunities. Notionally,

confidence is an important part of a successful interview. Employers, however, might be more keen to

employ individuals with particular hard skills or qualifications, such as a university degree, and reward

hard to verify non-cognitive skills once discovered in the workplace.

4.1 Simulation: Cumulative Effects of Cognitive and Non-Cognitive Skills

Simulation methods might be the best way to understand the size and significance of the estimated

parameters discussed above. To conduct simulations, we first draw random observations from the

population and pair them with draws from the two distributions of the latent skills, and the parametrized

error terms. The effects of both skills on the outcomes of interest can then be traced across individual

contexts and through university completion decisions. The results from these simulations for the decision

to complete a university degree is presented in the four panels of Figure 1.

Notice across these panels that conditional on non-cognitive skills, there is a steep gradient for

cognitive skills on earnings. In contrast, individuals with either very high cognitive skills or very low

cognitive skills face a flat gradient in income for non-cognitive skills. For example, an individual in the

top decile of cognitive skills will on average earn $34,000 if she also has non-cognitive skills in the lowest

decile. Her earnings would increase to approximately $36,000 if she also had non-cognitive skills in the

highest decile. In contrast, for an individual in the highest decile of non-cognitive skills would witness

their earnings on average increase from approximately $27,000 to $36,000 if her cognitive skills moved

from the lowest to the highest decile.30

odds that one is employed at age 25.
30We should note that the returns to skills differ across type of work and different reward of set of skills across
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The three panels of Figure 2 provide the simulation results corresponding to two income at age 25.31

Due to their multidimensional nature, cognitive and non-cognitive skills are rewarded in the labour

market according to their combinations (e.g. Carneiro et al. (2007), Prada and Urzúa (2014)). In the

first two panels, we present the average simulated outcome and estimated confidence intervals graphed

across deciles of both the cognitive skill and non-cognitive skill distributions. The final panel presents

a three dimensional graph that explores how the average simulated outcome varies across the two skill

distributions when evaluated jointly. This graph provides evidence that the cumulative effect of non-

cognitive skills appears to be larger than that of cognitive skills. The average simulated outcome for

those in the first decile of the cognitive skill distribution was approximately $25,000, whereas the tenth

decile had a average simulated outcome of $32,000. In comparison, the simulated incomes across deciles

of the non-cognitive skill distribution covered a larger range from $27,000 to $34,000. Although, there

is overlap in the confidence intervals across deciles, this result is somewhat surprising given that the

parameter estimates discussed earlier in isolation would likely lead one to conclude that cognitive skills

were much more important than non-cognitive ones in both the decision to invest in education and age

25 annual income conditional on this educational choice. Nonetheless, the panels of Figure 2 highlight

the important role of non-cognitive skills in influencing early adult earnings.

The results in Figure 2 additionally suggest that the cumulative effect through education and later

demand of these skills is on par with the rewards to cognitive skills. Further individuals with cognitive

skills in the higher deciles observe tiny returns to additional non-cognitive skills. The converse pattern

occupational activities. For example, see Levine and Rubinstein (2013) and Hartog et al. (2010) for evidence on the skills

necessary for success as an entrepreneur.
31For completeness, we conduct the same analysis corresponding to other outcomes measurd age 25. In Appendix

Figures 1 and 2 we observe that both being employed and use of employment insurance do not appear to be affected

by either skills. In appendix figure 3, we find that as the levels of both skills increase so too does the likelihoiod that

an individual engages in volunterring. We find that the slope across the cognitive skill dimension is steeper, which is

somewhat surprising given the dimension of non-cognitive skill that we are likely capturing. However, the role of skills on

volunteering are small in magnitude and likely lack economic significance.
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holds as we move across cognitive skill deciles for those with high non-cognitive skills. This suggests that

the degree of substitution between skills varies across the distribution, but the labour market returns

for those with high cognitive skills does not vary sharply across non-cognitive skills. Looking at figures

1 and 2 in conjunction allow us to conclude that individuals in the top 10% of non-cognitive skills have

higher annual income than those in the corresponding decile of cognitive skills. Thus, among those not

completing college, non-cognitive skills are indeed associated with higher expected earnings.

4.1.1 Subgroup Analysis

We next elected to explore the heterogeneity of the effects of skills by undertaking the entire analyses

on subgroups defined on the basis of gender and parental background. Although evidence with data

from the United Kingdom presented in Carneiro et al. (2007) suggests the impact of this measure

of non-cognitive skill does not differ in any systematic way across particular subgroups of interest; we

motivate this analysis as follows. First, there is little understanding of the economic mechanisms behind

the role of skills and since we observe gender sorting by type of occupation, abilities may be rewarded

differently in a manner consistent with occupational choices. Second, for policy audiences there is a need

to not just determine if there are potential deficits in skills for those who are disadvantaged groups,

but to understand what are the potential benefits of any intervention that could foster cognitive or

non-cognitive skills.

We conduct the earlier analyses and for space considerations only report results from the simulation

exercises for two selected subgroups – namely boys vs. girls, children from families with low parental

education vs. children from families with high parental education. We ensure that within subgroup,

the deciles of skills are placed on a comparable scale. Several interesting findings first appear when we

explore the results comparing young men to young women in Figures 3 and 4. Notice that the gradient

for college completion is much steeper for men then women. College completion rates for men in the

top three cognitive skill deciles are above 80%, whereas there is no skill decile for women where the
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completion rates exceed 75%. Conversely, in the lowest deciles of the cognitive skill distribution, college

completion rates for women always exceed 25%, whereas they are very low for young men with low

cognitive skills.32 Further, the gradient of non-cognitive skills on university completion is also much

flatter for young women then young men. There is no evidence of there being significant heterogeneity

in the completion rates across these non-cognitive skill deciles for women and in each decile, rates of

college graduation exceed 50%. In contrast, in the bottom half of the non-cognitive skill distribution

for males, college completion rates fall far below and in some deciles at half the rate.

Figures 5 and 6 present a surprising finding that only among men who graduate from university is

there a gradient in cognitive skills on age 25 earnings. Young women on average earn similar amounts

at each decile of the cognitive skill distribution. However, there exists significant variation in women’s

earnings across deciles of the non-cognitive skill distribution. Moving from the lowest to the highest

decile of non-cognitive skills is associated with an on-average 50% increase in income. In contrast, the

gains in earnings for males are much smaller as one moves to higher deciles of the non-cognitive skill

distribution.

Dividing the sample along parental education lines present one hopeful and one possibly upsetting

findings. Comparing the cognitive skill panels between Figures 7 and 8, we observe similar rates of

college completion across these different families. Only among the higher deciles of non-cognitive skills,

do we observe a slightly higher rate of college completion for children whose parents are more educated.

Figures 9 and 10 illustrate a disturbing finding that compares children from families who differ

by parental education. For children whose parents are less educated, they will earn less at age 25 at

every decile of the cognitive skill distribution as compared to a child at any decile from a family whose

parents had more education. On non cognitive skills, the graph for children less educated households

32The opportunity cost in the decision to attend college may also explain the gap in enrollment between women and

men. During this period, there was a boom in oil proces leading to local labor demand shocks in Alberta and Saskatchewan

that may explain the lower rate by males.
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does not always lie below that for children whose parents had higher education at every decile, but the

gaps at nearly every decile are of the order of $10,000. These results demonstrate that among children

in the YITS, completing a university degree does not appear to significantly improve their odds of

intergenerational mobility. We next discuss how these results contrast with US evidence

5 Does U.S. Evidence Correspond to the Canadian Experi-

ence?

Results from empirical studies are not only conditional to their methodology but also of their context.

The majority of research using US data that investigates how either or both cognitive skills and di-

mensions of non-cognitive skills involve using proxy measures. The exceptions which utilize an identical

economic framework to that described in Section 2 is Prada and Urzua (2014) and there are variants of

this framework were employed in Heckman et al (2006, 2016) and Urzua (2008) who each explore labour

market outcomes at the age of 30. Each of these studies use data from the NLSY-79 whose collection

permits a longer follow-up, and clearly the context including the time period of data collection and

make-up of the population covered by the datasets differs.33 Most importantly, the metrics used in the

factor model to capture the two latent cognitive skills differ.34 Despite these caveats certain commonal-

33The literature is marked by methodological shortcomings and data limitation. In this regard, transposing the existing

evidence to Canada should be taken with caution. The vast majority of evidence comes from the United States and

Western Europe, and relate mostly to relatively well educated people at primary age in the 1980s and 1990s. As well,

due to the different questions included in the datasets certain control variables such as number of siblings and immigrant

status are used in our analysis; whereas measures are to the best of our knowledge not available in the NLSY-79 in which

researchers have controlled for disability status and religion.
34For example, our Canadian evidence used PISA scores when estimating the cognitive skill factor, the US evidence

estimates the latent cognitive skill factor from measures of mathematical knowledge, numerical operations and coding

speed that were collected before children left high school.
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ities exist in the findings. First, accounting for the dynamics in decision making is important. Second,

both types of skills are found to influence education and early labour market outcomes.

Small differences in higher education markets, parental expectations and either the thickness of the

labour market or desire to migrate for work may explain differences we observe between our findings and

those using US data. In Figure 1, we observed that the probability of self-reported college completion by

cognitive skill deciles is steeper in the cognitive domain then the non-cognitive domain. The converse has

been reported with data from the United States where non-cognitive skills play a large role particularly

at the highest deciles of non-cognitive skills. These differences may reflect the differences in costs and

selection mechanisms between the two countries. In the United States, perhaps in response to pressure

related to costs, emotional skills may play a particularly important role in allowing them to persist

through education.

Finnie et al. (2016) link student level administrative records from 12 Canadian postsecondary

institutions information to subsequent income tax data to provide descriptive evidence on graduates’

labour market outcomes. Consistent with studies using US data, the patterns of first year earnings levels,

subsequent earnings growth, and final earnings levels vary substantially across both college majors and

local labour market conditions. However, for all fields the gaps in earnings across institutions are much

smaller in Canada than what is reported with data from the United States (see e.g. College Scorecard).

In Canada gaps across universities are suggested to correspond to differences in local or sectoral economic

conditions. Also similar to the US studies, Finnie et al (2016) show that the wage gap between male

and female workers widens each year after graduation but at a larger rate in Canada than the United

States.

Our findings of the high university completion rate for women with low cognitive skills may provide

an explanation for this widening gap in Canada. This may call into question whether policies that

promote high levels of university completion will reduce income inequality observed in recent decades.

More research is needed to understand what skills are needed and at which education level could they be
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most effectively produced to reduce inequality. In other words, policies that promote degree completion

but not skill development may have unintended consequences such as widening the gender wage gap

and more attention could focus on developing educational opportunities that promote the development

of non-cognitive skills. In simpler terms, pathways to successful careers likely differ based on one’s skill

set.

Indeed research using US data suggests that the impact of raising student’s social and emotional

skills is much stronger than that of raising cognitive skills (e.g. Heckman et al. 2006, 2016);35 whereas

the Canadian evidence is suggestive of more of an equal role.36 For example, Figure 3 demonstrates

that raising one’s cognitive skills outweighs raising their non-cognitive skills in Canada. Specifically, a

secondary school student who moves from the lowest to the highest cognitive skill decile increases her

likelihood of graduating college by 50%, which is double the magnitude if she made an identical shift

across deciles of non-cognitive skills.

When comparing patterns across countries, we suggest that the high rates of college completion for

those with very low cognitive skills in Canada and low rates for those with very high cognitive skills in

the United States are of equal concerning. On the latter, this may reflect the poor matches and indeed

an emerging literature in behavioral economics is generating new insights as to why many children and

their parents do not attend college in the United States.37 The low university completion rates of those

with high cognitive skills may explain why the effects of cognitive skills on income and unemployment

are so much stronger in the United States than Canada. It is striking that Heckman et al. (2006) find

that fewer than half of the Americans in the highest cognitive skill decile complete college. Our results

indicate that there are much higher rates of completion of tertiary education at every decile of the

35Prada and Urzua (2014) also find that the wage gains associated with four year college completion has a steeper

gradient for non-cogitive than cognitive skills.
36This may reflect the recent reversal in the demand for skills (Beaudry et al, 2014, 2016) since the Canadian analyses

was conducted with more recent cohorts.
37See Lavecchia et al. (2016) for a survey of this literature
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cognitive skill distribution in Canada relative to the United States.38 This may reflect the differences in

the costs of college attendance.39 The quality of colleges and universities in the United States exhibits

substantially more variation than Canada. Given the selection mechanisms by elite institutions in which

employers make hiring and initial salary decisions based on an individual’s academic background, which

can be driven by cognitive ability.

Figure 6 of Heckman et al. (2006) provides US evidence of how wages varies across skill deciles by

gender. Unlike Canada where there are clear differential returns, the slope of wages appears identical

across deciles of cognitive skills and non-cognitive skill for men and women. Similar to our findings, the

average wage for males exceed that of females at every decile, but at the top three skill deciles women

earn more then men with very low cognitive skills. This may not have been found with Canadian data

since complementary work by Morrisette et al. (2015) show that the post-2000 boom in oil prices led to

a decline in university enrolment for Canadian men. The wage penalty for dropping out of high school

essentially evaporated for young men in the western provinces during the most recent oil boom. To

the best of our knowledge, there are no similar industry wide events that can explain major shifts in

education and labour market decisions in the US. That said, the YITS-A was collected during a period

that Beaudry et al. (2016) suggest there being a reversal in the returns to skills. unlike natural resource

prices, US evidence points to the role of routine-based technological change. Hershbein and Kahn (2016)

present compelling evidece using US data that the recent economic downturn led to changes in skill

38It is unlikely that the cohort differences account for these results. Implicitly, in aking these comparisions we are

suggesting skill deciles are similar between the two countries, an assumption that can not be tested with available data.
39Belley et al. (2014) estimate comparable specifications with Canadian and US data in which they control for observable

characteristics such as parental education and cognitive test scores, and find that Canadian children from families with

annual income under $20,000 are about 5 percentage points less likely to attend a four-year university program than

children from a family with annual income over $100,000. Interestingly, this is only about a third of the corresponding

difference in the US data. Belley et al. (2014) conclude that credit constraints are not the main driver of family income

differentials in university participation in Canada. In reaching this conclusion they also stress that Canada’s grant and

loan systems are less generous than those in the United States for students from low-income backgrounds.
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requirements within occupations and firms, that has persisted now that the economy has rebounded.40

The flat returns to cognitive skills on income for female university graduates in Canada is evidence

that appears consistent with this educational level simply being a proxy for this dimension of skills.

Employers appear to be more quickly able to identify dimensions of non-cognitive skill. We should note

that college completion simply being a proxy for skills is a finding reported in with US data.41 However,

our patterns of returns to skills by gender differ from Heckman et al. (2006) who report that i) for males

in the 4-year-college market, non-cognitive skills have little marginal value, while cognitive skills have

a strong gradient; and ii) for females in the 4-year-college market, both skills command high marginal

prices.42

We observe substantial overlap in the distribution of cognitive and non-cognitive skills between

genders and across the subsamples by parental education. This degree of overlap differs from Urzua

(2008) who finds large differences in the cognitive skill distributions between races in the US;43 although

he reports overlap on the distribution of non-cognitive skills between the races. Similar to Urzua (2008)

we are able to conclude that gaps in family background are more important than any skill gaps in

determining schooling and wage gaps between groups within a nation.44

In the labour economics literature, the rising skill premium is considered one of the leading cause

40The authors conduct additionally analyses that cast doubt that their main findings are driven by a host of cyclical

explanations including firms’ opportunistically seeking to hire more skille workers in a slack labour market.
41See for example the discussion of both Figure 11 of Prada and Urzua (2014) and in Heckman et al (2006).
42A simple explanation for the flat gradient for Canadian women that would be consistent with Bowlus and Robinson

(2012) is that since there is a sizable increase in the proportion of the population with a university degree implies that

the average ability level of university graduates has also changed over time. As such, these skills may not have the same

value to employers.
43Urzua (2008) conducts simulations and finds that the racial wage gap would fall by 40% if blacks drew cognitive

ability from the distribution for whites.
44We should reinforce that we do not see as wide differences in abilities between the groups we examined with Canadian

data than studies using US data. This may reflect a sample with complete data or having less variation in school quality

at all levels in Canada then the US and having a smaller gradint in access to education in Canada then the US.
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of growing inequality in the United States, particularly for males.45 However, research documents that

the returns to different dimensions of skills are lower in Canada then the United States.46 For example,

Hanushek et al. (2015) evaluated data from the OECD Programme for the International Assessment of

Adult Competencies finding that the returns to a comparable workplace skill is roughly 30% lower on

average in Canada than the United States.

Our results in Figure 9 and 10 also question whether commonly stated findings that Canada is much

more mobile then the US (i.e. Corak, 2010) will continue to be found in the coming decades. US

intergenerational mobility and has been shown in Chetty et al. (2014) to exhibit substantial geographic

heterogeneity. Canadian evidence in Murphy and Veall (2015) suggests there is less heterogeneity in

Canada. However the patterns identified in Figures 9 and 10 suggest that education may no longer

be the pathway to an improved future for young Canadians. We should reinforce that our sample of

Canadians has on average, higher levels of both types of skills then the general population so it could

potentially be the case that this striking result may not generalize. Further work is needed to understand

to what extent are trends in the labour market and the role of family background in Canada on the

intergenerational transmission of economic inequality may be converging to the United States.

On a more positive note, another common speculative finding between the countries is that family

attitudes toward education influence many educational outcomes. Canadian evidence is provided in

Corak et al. (2011), Finnie (2012), Foley et al. (2014), among others; whereas Belley et al. (2014)

suggest the link between family income and postsecondary attendance in the United States might be

45Firpo et al. (2011) report that the rising returns to education can explain over 95% of the rise of the US male 90/10

earnings ratio between 1984 and 2004.
46The lower returns to skills in Canada and less steep gradient for women may also be a response to the increasing

number of graduates. The Organization for Economic Co-operation and Development recent “Education at a Glance

2013” report that women in Canada had significantly higher tertiary attainment rates compared to men (56 per cent

versus 46 per cent), with a 16 percentage-point gap between the genders among younger adults. The report also notes

that Canada has the highest rate of tertiary education completion among all OECD countries.
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due to the relationship between family income and parental attitudes to education. Throughout our

analysis we did control for these expectations within the household since they significantly influence

college-going and college completion. However, there is increasing sociological evidence of inequality

in US home environments and the role that this plays in economic inequality. Differences in family

attitudes may play large roles in child decisions and also contribute beyond institutional differences

in explaining the differences in how skills influence both human capital acquisition and early labour

market return to human capital between Canada and the United States. Thus, while small differences in

higher education markets are organized across countries may explain why intergenerational mobility was

historically higher in Canada,47 differences in the operation of labour markets are becoming smaller and

many trends related to income inequality in Canada appear to increasingly mirror the U.S. experience.

6 Conclusion

Using the Youth in Transition Survey (YITS-A) we estimate a Roy model with a two dimensional latent

factor structure to consider how both cognitive and non-cognitive skills influence endogenous schooling

decisions and subsequent labour market outcomes in Canada. Our estimates indicate that non-cognitive

skills play a role in determining income at age 25 that is on par with that of cognitive skills. Our analysis

demonstrates that it is crucial to account for the dynamics in decision making since this demonstrates

that the effect of cognitive skills on adult incomes arises by one increasing the likelihood of obtaining

further education. Conditioning on the choice to complete a university degree, cognitive skills are

found to play no additional role in determining earnings at age 25. In contrast, non-cognitive skills not

only indirectly influence adult income through the channel of educational choice, but they are directly

rewarded in the labour market. Last, evidence from policy simulations suggest that equal attention

should be given to policies that cultivate different dimensions of non-cognitive skills as those that focus

47See Corak et al. (2014) for new evidence and discussion related to intergenerational mobility in Canada and the U. S.
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solely on cognitive skills.

The Canadian results mirror other recent findings using US data that economic inequality in labour

market outcomes between children of different family backgrounds will continue to grow. The gradient

in college completion in Canada among females is much less steep compared to the US, and it is puzzling

why the rates of college completion among Americans with the highest skills are low. The structure of

the higher education markets likely play a large role in ensuring access but there are likely large gaps

in information that persist in both countries among students that could ensure they make improved

schooling decisions. With globalization, technological advances and volatile prices for natural resources

continuously changing the industry and occupational mixes in the two countries, it is likely that measures

of skill malleability would be increasingly rewarded in the two countries. This conjecture is strengthened

by recent findings of both growing routine-based technological change in the US labour market and a

reversal in the returns to skills in both countries, that taken with our other findings suggest a different

angle for education and training policies. Rather then continued focus on policies targeting graduates,

gains may be achieved by developing the potential for continuous multidimensional skill development.

Future work using Canadian data can follow Heckman et al. (2016) by considering richer models of

individual decision making and potentially examining how the type of higher education people acquire

influences career paths. However, the major challenge in both countries relates to data availability and

the limited number of longitudinal data collections currently underway for individuals transiting from

adolescence to early adolescence at this stage of life is worth stressing. While there are clear benefits to

working with rich administrative databases, these sources generally lack measures of different dimensions

of skills.

In conclusion, while small differences in higher education markets between Canada and the United

States may explain gradients in skills on college completion and small differences in the structure of

both the labour markets between the countries can account for the higher labour market returns to

skills in the United States; differences in family attitudes towards education also appear to play a role.
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Given that the role of family background on life’s chance is appearing to converge between the countries,

developing policies that are tailored to individual skill sets may hold greater potential then one size fits

all education policies to reduce economic inequality in both nations in the future.
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Table 2: University Completion (Decision Equation)

University Completion

Effect of Cognitive Skills on University Decision 0.855
(0.000)***

Effect of Non-Cognitive Skills on University Decision 0.283
(0.000)***

Female 0.537
(0.000)***

Family Income 0.002
(0.133)

Wealth 0.090
(0.12)

Immigrant -0.357
(0.001)***

Non-Traditional Family 0.294
(0.038)**

Years of Education Parents (Max) 0.172
(0.000)***

Importance of Higher Education for Parents (MAX) 0.310
(0.000)***

Parental money for Post-Secondary Education (Y/N) 0.230
(0.006)***

Planning for Higher Education Among Friends 0.254
(0.000)***

Region: Atlantic 0.375
(0.009)***

Region: West 0.149
(0.264)

Region: Quebec -0.189
(0.216)

Constant -4.577
(0.000)***

Results taken from the estimation with employment as an outcome

***, ** and * indicate significance at the 1%, 5% and 10% level respectively.
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Table 3: Outcome Equations

Outcome Equation

Income Employed

D=1 D=0 D=1 D=0

Cognitive Skills 392.41 -361.20 -0.015 0.043
(0.826) (0.843) (0.484) (0.097)*

Non-Cognitive Skills 2812.70 2167.09 -0.021 -0.005
(0.055)* (0.273) (0.196) (0.813)

Female -3660.44 -9257.04 0.006 0.034
(0.059)* (0.000)*** (0.797) (0.325)

Experience 2489.43 -244.67
(0.012)** (0.831)

Experience Squared -373.60 64.67
(0.000)*** (0.509)

Region: Atlantic -3303.49 -7513.96 0.014 -0.070
(0.165) (0.011)** (0.649) (0.104)

Region: Quebec -1852.92 -7984.22 0.000 -0.084
(0.505) (0.008)*** (0.993) (0.051)*

Region: West 913.65 1329.59 -0.043 -0.080
(0.68) (0.625) (0.123) (0.041)**

Married 18436.22 9980.68 0.069 0.014
(0.000)*** (0.003)*** (0.127) (0.773)

Married * Female -19645.98 -13219.38 -0.156 -0.183
(0.000)*** (0.004)*** (0.005)*** (0.005)***

Common Law 8418.59 12738.34 -0.048 0.080
(0.01)*** (0.000)*** (0.258) (0.05)**

Common Law * Female 5.78 -12023.84 0.103 -0.113
(0.999) (0.004)*** (0.047)** (0.063)*

Immigrant 158.81 -1341.15 -0.019 -0.043
(0.944) (0.649) (0.519) (0.321)

Visible Minority -4655.09 -5839.47 -0.094 -0.026
(0.133) (0.193) (0.015)** (0.688)

Number of Children -14956.81 -5233.30 0.083 -0.091
(0.493) (0.258) (0.779) (0.173)

Number of Children * Female 9659.93 -6975.28 -0.356 -0.218
(0.683) (0.244) (0.265) (0.011)**

Urban Community 4386.57 1147.93 0.016 0.006
(0.028)** (0.537) (0.527) (0.823)

Constant 29126.84 36210.19 0.940 1.017
(0.000)*** (0.000)*** (0.000)*** (0.000)***

***, ** and * indicate significance at the 1%, 5% and 10% level respectively.
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Simulation Results

Figure 1: Effect of Cognitive and Non-Cognitive Skills on University Completion

(a) Effect of Cognitive Skills on University Completion (b) Effect of Non-Cognitive Skills on University Completion

(c) Cognitive Skills Distribution by Education (d) Non-Cognitive Skills Distribution by Education
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Figure 2: Overall Effects of Skills on Income

(a) Cognitive Skills (b) Non-Cognitive Skills

(c) Income by Deciles of Cognitive Skills and Non-Cognitive Skills
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Overall Effects of Skills on University Decision

Figure 3: Females

(a) Cognitive Skills (b) Non-Cognitive Skills

Figure 4: Males

(a) Cognitive Skills (b) Non-Cognitive Skills
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Overall Effects of Skills on Income

Figure 5: Females

(a) Cognitive Skills (b) Non-Cognitive Skills

Figure 6: Males

(a) Cognitive Skills (b) Non-Cognitive Skills
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Overall Effects of Skills on University Decision

Figure 7: Parent’s with Low Education

(a) Cognitive Skills (b) Non-Cognitive Skills

Figure 8: Parent’s with High Education

(a) Cognitive Skills (b) Non-Cognitive Skills
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Overall Effects of Skills on Income

Figure 9: Parent’s with Low Education

(a) Cognitive Skills (b) Non-Cognitive Skills

Figure 10: Parent’s with High Education

(a) Cognitive Skills (b) Non-Cognitive Skills
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