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Section 1: Introduction 

One of the most important choices an individual must make during his life is his educational 

choice. This dictates what type of jobs will be available to him and intrinsically influences the level of 

monetary comfort and happiness achievable in his professional life. Our project was motivated by our 

interest in the significant difference found in labour market outcomes across educational choices, more 

specifically college major choices, and our interest in studying the reasons for choosing different types 

of education and the career consequences of those choices. 

Knowing the effect of the choice of major on wages and unemployment can also help determine 

the types of education that should be provided and the demand for post-secondary education by field of 

study. With policy reports calling for a major increase in college graduates in sciences, technology, 

engineering and math, the demand for higher education affects many aspects of government policy and 

is of special interest in education and labour market decisions.  This paper can help determine where the 

demand is most concentrated, where funding should go and how best to redirect unemployed 

individuals.  

Our approach is motivated by new and innovative research which incorporates the use of other 

labour market variables to more traditional research on determinants of college majors. Empirical 

research has traditionally found that the choice of major has a large impact on earnings. Differences in 

returns to majors can rival the college wage premium altogether (Altonji et al. (2012)) and remain 

significantly important even after controlling for pre-college test scores, math ability, hours worked in 

jobs and selection into the labour force (see Finnie & Frennette (2003)). With growing interest in the 

college major choice, research in the field has known great advancement.  We now know more about 

the influential components of college major choice decisions, including:  academic preparation, ability, 

preferences, family background and labour market conditions, to name only a few. This paper is highly 
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influenced by Blom's new research (2012), which finds that unemployment rates and wages are 

important determinants of college major choices. She finds that high overall unemployment rates can 

increase labour supply elasticity and change some student behaviors with respect to their major choice. 

A more extensive and comprehensive review of the literature can be found in Section 2. 

Thus, the goal of the present research is, firstly, to look at the question of choices for higher 

education and improve our understanding of how students make college major decisions, including how 

labour market decisions affect these choices. That is, studying the extent to which student decisions are 

influenced by regional wages and unemployment rates specific to each field of study. Secondly, we 

explore how high school curriculum, family background, individual level behavioral characteristics and 

self-reported skills can affect major decisions. Lastly, we investigate heterogeneity by gender, 

immigration status and region. 

Our analysis uses the Youth in Transition Survey (YITS-B) cohort B, provided by Statistics Canada, 

which consists of a large and representative longitudinal micro data study on students between the ages 

of 18 and 20 at the start of the interviews. The YITS-B offers many advantages such as: information 

collected through five cycles, spanning from 1999 to 2007 which provides enough time variation to 

estimate the effects of labour market variables, a large sample size, collected from across the country to 

allow a more in depth analysis, extensive information on students’ college major choices and 

background characteristics, both of which allow for sufficient control variables to estimate the 

determinants of college major choice decisions employed in this paper. This dataset was complemented 

with wages and unemployment rates from the CANSIM database (Statistic Canada). This addition 

provided both wages and unemployment rates by sex, at national and regional levels by field of 

occupation, which are used as proxies for the major fields of study. Combining the two created a unique 

dataset tailor made to further our understanding of college major decisions.  
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Making use of the YITS-B, this study employs two complementary longitudinally specific 

empirical strategies, developed to reveal the impact of college major choices on labour market variables. 

To examine the impact of major-specific labour market variables, as measured by wages and 

unemployment rates, we aggregate individual choices and use longitudinal and cross-sectional variation 

induced by demand shocks to estimate a set of supply equations for each field of study. From this we 

estimate the model using a multinomial logit specification and a mixed logit model, which relaxes the IIA 

assumption implicit with multinomial logit estimators. Such strategies will use the cross-sectional and 

longitudinal variations caused by exogenous shocks affecting the demand at the time of major choice. 

This requires extensive information on students’ college major choices and background characteristics 

as well as enough time variation to estimate the effect of labour market variables, which the combined 

YITS-B and CANSIM databases provide. Both models are explained further in Section 4.1 and 4.2. 

Our analysis yields some important findings for the education and labour economics literature 

on the determinants of college major choice. Firstly, we find that in the Canadian context, 

unemployment and wages seem to show statistically significant effects which concur with the American 

literature on the subject. The unemployment rate effect is particularly strong and consistent over all the 

fields of study evaluated. We also see important sorting within majors and significant involvement of 

many of the control variables, notably the self-rated skills and the high-school levels of math and 

language. Finally, we report statistically significant and important gender differences in both the 

distribution and trends of the fields of study. Women seem to put more weight on wages than men, 

while males seem to put a greater focus then females on unemployment rates when it comes to 

choosing their college major. These results are corroborated with the use of the mixed logit 

specification, which provides a significantly better representation of the major choice decision by 

relaxing the IIA property. See section 5 for the full discussion on the discovered results. 
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Section 2: Literature  

Based on human capital theory, investment in human capital through education is an important 

determinant of economic development and growth. Coupled with the rising returns to schooling 

observed in the last decades, research on human capital and thus, education has decisively increased. 

However, the standard economic literature on education focuses mainly on educational attainment and 

the returns to education. Much of the interest on these subjects is grounded in empirical findings which 

suggest that returns to investment in education are substantial (See Psacharopoulos (1994) amongst 

others). Studies have shown that higher education is linked to higher wages and income as well as other 

social benefits. 

Recently, more and more attention has been turned towards college majors and why individuals 

choose different types of education. Many factors, including expected earnings (e.g. Montmarquette et 

al. (2002) among many others), risk (e.g. Chen (2004) and Heckman et al. (2003)) and the roles of ability 

proxies, performance and preferences have been investigated.  A number of researchers chose to 

incorporate expected earnings in their college major choice models by generally assuming that 

individuals compare the various expected outcomes at their disposal and choose the option that 

maximizes their expected utility (see Altonji (1993) and Arcidiacono (2004)). The Altonji et al. (2012) 

paper stresses the importance of knowledge early in high school to shape the feasibility and desirability 

of particular educational paths in combination with preferences and initial skills. Preferences and innate 

ability have been linked to the financial return of completing certain types of schooling even if they 

don’t enter into the wage equation given that they influence the likelihood of making particular choices 

in programs of study. This implies certain associated payoffs. Altonji et al. also demonstrated empirically 

that preferences play an important role.  
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Researchers have also documented that the evidence of sorting into academic majors based on 

academic preparation. Arcidiacono et al. (2012) indicate that, in California, science majors in different 

campuses have on average stronger credentials than their non-science counterparts. A few studies have 

also shown that course selection in high school influences college major decisions and wages later in life. 

Not surprisingly, Altonji (1995) and Levine & Zimmerman (1995) find that taking additional mathematics 

and science courses increase the probability of choosing a technical college major. Rose & Betts (2004) 

look at the type and level of mathematics taught in high school and find that the returns are larger for 

advanced math courses, particularly algebra and geometry. While, Grogger & Eide (1995) show that the 

returns to math ability have been increasing over the years. Controlling for high-school grades has also 

been studied.  

Other papers focus on the link between college major and occupation. Robst (2007) found that 

occupation and the extent to which human capital is major-specific play an important role in earning 

differences. Individuals employed in a field unrelated to their studies suffer a wage penalty that varies 

by field. As expected, specifically defined fields have bigger penalties than fields that develop general 

skills. For example, studying nursing and changing fields will produce a larger penalty than for someone 

with a business degree. Related work by Bonnard et al. (2012) on understanding expectations of ex ante 

earnings, which underlie major choices, show that parental involvement helps students make better 

forecasts. Forecasting errors also decline when the father’s occupation is more closely connected to the 

child’s discipline of study. Parental education has also been studied by Altonji & Dunn (1996), amongst 

others, revealing without too much surprise that parents with higher levels of schooling increased the 

chance for their children of having higher levels of education.  

Researchers have uncovered large gender differences in the choice of major, as well as their 

returns. These continue to persist especially with less aggregated data. An important proportion of this 
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disparity between major compositions comes from a disproportionate fraction of women who choose 

majors with lower earnings potential (see Turner & Bowen (1999) and Joy (2003)).  For example, Turner 

and Bowen show that while the gender gap in science enrollment declined, this was driven by a surge of 

women in biology and there has been no change in the gender gap in mathematical sciences. 

Furthermore, most of the studies report that a portion of the wage gap comes from college major 

choice. Altonji et al. (2012) report that “much of the gender difference in the standard deviation is due 

to men selecting majors at the high end of the earnings distribution (e.g, engineering), rather than 

gender differences in the dispersion of the major coefficients.”  Similarly, Zafar (2009) decomposes 

gender difference into differences in beliefs and preferences and finds that most of the gender gap 

comes from differences in preferences, not beliefs about ability. His results show that women’s choices 

depend about twice as much on non-pecuniary attributes compared to roughly equal proportions for 

men. Another recent contribution to this literature comes from Black et al. (2008). Evaluating the gender 

gap among college graduates while accounting for major choices, the authors find  that well-educated 

women in the U.S. earned approximately 30% less than their counterpart, However, only 18% of that 

gap remains when controlling for highest degree, highest degree major field, and age. Results varied 

slightly across race and ethnicity.  

 

The choice of college majors in post-secondary education has a substantial impact on earnings. 

For example, Altonji et al. (2012) find that the gap in log wage rates between electrical engineering and 

general education is of 56.1%. When compared to the 57.7% difference between college graduates and 

high-school graduates, the differences in returns across PSE fields of study can rival the college wage 

premium. Finnie & Frenette (2003), among many others, also showed that what you study affects your 

earnings. Generally, engineering consistently commands a high premium (around 0.40 relative to 

education) usually followed by business and science. This difference in returns to major remains even 
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after controlling for precollege test scores, mathematics ability, hours worked in jobs and selection for 

the labour force. Walker & Zhu (2010) use quantile regression methods to estimate effects beyond the 

mean. They find negative returns at the bottom of the distribution or even at the median in Social 

Sciences (outside of Law, Economics and Management) as well as in Arts and Humanities. 

Typically, college choice models predict that students should only respond to relative wages. 

However, a more recent paper has evolved to include other labour market variables and uses 

unemployment rate combined with wages to understand college major choices under more general 

circumstances (see Blom (2012)).  Blom (2012) reports that labour supply elasticities are higher when 

overall levels of unemployment are high. She also states that when unemployment rates are high, 

students are more likely to choose better-paying, more difficult as well as more math-science and 

business concentrated majors. Possible explanations include: general economic conditions, tighter 

financial constraints and/or more awareness of returns during recessions. As recent studies1 on 

formation of subjective expectations have found, students are not particularly well informed on the 

specifics of their choice. Generally, students are not aware of their major-specific wages and 

unemployment rates because this information is not widely distributed. However, the average level of 

unemployment is commonly and frequently reported by the media, especially in times of above average 

unemployment rates, such as during a recession. This type of information can lead some students to 

modify their major choice even without the information on their specific field of study. Furthermore, 

studies have found that local unemployment rates can have an important effect on the level of 

education students will wish to acquire. Growing enrollment in post-secondary education has been 

linked with rising unemployment rates (see Betts & McFarland (1995) or Bedard & Herman (2008)). This 

may partially be due to a reduction of the opportunity cost of attending college but could also indicate 

                                                           
1
See Wiswall & Zafar (2012), Arcidiacono (2004), Hotz, & Kang (2011), Stinebrickner & Stinebrickner (2011) 

amongst others 
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that general economic conditions can affect the type of education students might choose. Blom (2012) 

chose to incorporate unemployment rates in the general models of college major choice to capture and 

evaluate the potential importance of this particular labour market variable as a determinant of college 

major. We follow in her footsteps by applying a similar methodology to the Canadian context.  

In Canada, very little research on the subject has been done.  Almost all of the evidence in 

literature referenced above uses data from the United States or Europe. Yet, there are many differences 

in the trends of college major choices depending on the region or country studied. For example, Akbari 

& Aydede (2012) document that student enrollment in the discipline of economics rose sharply in many 

countries, but not in Canada. They postulate that this may be a result of the continued perception of 

Canadian students that a lower economic reward is associated with an economics degree. With the lack 

of Canadian empirical evidence, this study first fills this important gap. Secondly, we explore how high 

school course selection may influence an individual’s college major upon entering post-secondary 

education. Lastly, we conduct the analysis on the full sample and explore how the relationships vary 

across observed subgroups such as by gender. 

 

Section 3: Data and Summary Statistics 

3.1 Data 

The data used in this study comes from the Youth in Transition Survey (YITS) Cohort B, which was 

conceived by Statistics Canada in partnership with Human Resources and Skills Development Canada 

(HRSDC). The YITS was developed as a longitudinal micro-data survey designed to study the patterns and 

influences on major transitions in early life, particularly with respect to education. Created especially to 

aid policy and program development to deal with both short term and long term problems, information 
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from this study can also help assess the effectiveness of programs, the best time of implementation and 

which individuals should be targeted.  

 

The YITS-B is a biennial study. It includes 22,378 respondents across Canada between the ages of 18 and 

20 on December 31, 1999. The subjects were interviewed firstly in April 2000 to collect information on 

the year 1999 and retrospectively for earlier years. Then, it conducted follow-up interviews every two 

years to capture the activities that happened following the prior interviews. Hence, the last interview in 

2008 captured the activities during 2006 and 2007, which provides us with 5 cycles of observations on a 

multitude of subjects. Hence, the YITS-B is clearly well suited to follow the young adults in their post-

secondary education experience. The longitudinal aspect of the YITS allows for an evolution of the 

decisions and the possibility of changing such decisions along the way. It also provides sufficient 

variation over time to estimate the effects of the labour market variables, which is crucial for our 

analysis. 

 

The YITS-B is representative of the national population of young adults making education choices as they 

tend to make post-secondary education choices around that age.  Cohort B focuses on early post-

secondary experiences with additional information such as gender, age, immigration status, financial 

information, high school experiences, family and parental background, skills and academic and social 

engagement. The YITS-B tracks a wide range of Post-Secondary Education (PSE) information within and 

over cycles from field of study to school status, switching or dropping out. This creates a digital map of 

their every decision at the post-secondary level. To the best of our knowledge, the YITS-B is the only 

Canadian survey that allows this type of analysis. The important number of observations in concordance 

with the range of variables offered by the YITS-B helps improve the meaningfulness and level of detail of 

our analysis of educational decisions at a comprehensive level, by field of study. 
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The data was supplemented with information from the Canadian socioeconomic database 

(CANSIM) from Statistics Canada which provided the two labour market variables: wages and 

unemployment rates by field of occupation. These variables were matched by time of high school 

graduation and used as proxies for the expected regional wages and regional unemployment rates for 

each field of study.2 These major fields of studies were presented using the Classification Instructional 

Programs (CIP) or the Census Major Field of Study Classification (MSF), which we regrouped into twelve 

categories: ten sub-categories of PSE3, a “Without PSE” category and a “dropout before graduating” 

category. For the analysis in this present paper, individuals that chose their post-secondary education 

field of study as “other” were excluded as they couldn’t be classified in the twelve chosen subgroups. 

Since these students were few and created distortion due to their lack of commonalities, they were 

screened out as outliers. The final sample included 22,329 individuals, consisting of 5 cycles of cohort B 

subjects as defined with respect to their field of study. 

3.2 Earnings & Unemployment rates 

The two labour market variables studied are: wages (through expected earnings) and 

unemployment rates (through their expected value too). The earnings and unemployment rates 

available in the CANSIM database represent the hourly wage and unemployment rate an individual can 

expect for a certain field of occupation at the time of their choice. The occupational fields and fields of 

study were matched by hand to the best of our abilities to ensure that they would correspond to those 

available at the time decisions were made. That is, these measures would be considered to be 

                                                           
2
 We also looked at the influence of aggregate wages and unemployment rates by fields of study and at the labour 

market variables by sex and field of study. The results obtained for the various models proposed in Section 4 didn’t 
present significantly different results from the ones presented in Section 5 using the regional wages and 
unemployment rates. The regions studied were: Atlantic Provinces, Quebec, Ontario, Prairies Provinces and British 
Columbia.  
3
 1- Business, Management & Public Administration; 2- Education; 3- Art & Humanities; 4- Social & behavioural 

Sciences; 5-Biology & Biomedical studies; 6-Other Sciences, Technologies, Engineering and Mathematics; 7-Health 
related studies; 8-Production and Transportation; 9- Agriculture, Natural resources, Conservation and Parks; 10-
General Services (Food industry, Daycare, etc.);11- Dropout of PSE before graduation; 12-Without PSE 
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predetermined. Thereby, we paired each individual with his expected wage and unemployment rate 

based on the labour market values of these at the time of high school graduation4, which is the time 

when the individual chooses which field of study, if any, he will pursue. This was a decision based on the 

fact that the student will make his/her decision based on the available data at the time of graduation. 

For the individuals who chose not to pursue PSE, the expected wage used was their wage at HS 

graduation time. 

By using the wages and unemployment rates expected at time of graduation instead of the 

individual’s own wage at the end of his studies we circumvent two important problems. Firstly, students 

have been known to misestimate their potential major-specific wage by as much as 28%5. Secondly, 

since wages can reflect ability, students can overestimate or underestimate their future abilities (to be 

developed during their studies). We avoid these problems using the high-school graduation time as the 

basis for their estimations of future labour market variables, which generally coincides with the time of 

major choice.   

The choice to represent labour market variables by wages and unemployment rates reflect the 

assumption that students can’t perfectly predict their future wages, nor their probability of 

unemployment. This choice also helps avoid the integral simultaneity problem found when estimating 

demand and supply equations, because wages and unemployment rates are predetermined at the time 

the decisions are made. They can also be perceived as exogenous to the students’ choice of major as the 

students will not be entering the labour force for some years after their choice. It is also important to 

stress that we will compare wages and unemployment rates across the various major choices at the 

provincial level. Thus, there is substantial heterogeneity in these measures which will be shown in the 

summary statistics (Section 3.4). 

                                                           
4
 For individual who didn’t finish high school, we used the last time they were in school as their “expectation date” 

5
 See Wiswall & Zafar (2011) amongst others 
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3.3 Limitations 

Despite the many advantages of using the YIT-B and CANSIM data for estimating the extent of 

students’ decisions influenced by labour market conditions, there are a number of limitations that 

should be noted. Firstly, the YITS-B has inconsistencies between cycles due to differences in methods 

and scales in cycle 1. To use the information found in cycle 1 we had to match by hand the MSF fields of 

study to the CIP classification which can increase the possibility of false matches and false results. This 

matching problem also occurred when creating the wages and unemployment rates by field of study 

since the CANSIM dataset are classified using the 2006 National Occupational Classification for Statistics 

(NOC-S), while the YITS-B uses the CIP classification for the fields of study. Both were matched to the 

best of our abilities.  However, it creates little discrepancies that are noted in the results6. Secondly, 

there is some loss of information with ineligible programs and inconsistencies in the records in terms of 

reporting their PSE programs and related fields of study. By the nature of the survey, programs and 

other entries were carried forward from one cycle to the next, which caused inconsistencies when 

respondents denied having chosen a particular program in the previous cycle of interviews. We treated 

this by excluding these ineligible programs from the calculation which effectively right-hand censored all 

the students who became ineligible from those inconsistencies. However, problems of understating 

switching or leaving and overstating persistence rates might occur from this treatment since this will 

exclude a relatively higher number of switchers and leavers. 

The last limitation of YITS-B comes from the loss of information due to attrition of the dataset 

over the studied period. Table 1 shows the distribution of respondents over the five cycles of the YITS-B. 

An important problem of attrition is uncovered with only 44% of the original sample available at the end 

                                                           
6
 Due to wages and unemployment rates including occupations that do not require PSE. E.g. retail wages are 

captured in the Business category which brings down its average wage lower than expected.  
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of the fifth cycle.  However, looking at the composition of the sample by cycle shows that the individuals 

leaving the study are not particularly dominating any category of interest. They seem to keep similar 

percentages over college major choices throughout the cycles and the other variables are relatively 

constant over the 8 years of the study. Table 1 shows that over the attrition of the sample, females 

increase by less than 0.4%, while immigrants decrease by less than 1.5%. Low-income and dropout 

respondents don’t have a specific trend over the five cycles. This leads us to believe that attrition is 

mostly random in our case. The attrition seems to come from a homogeneous group of individuals 

rather than from a certain type of individual, which leads us to believe that attrition isn't a particularly 

important problem in our case. Rather than restrict the analysis to the respondents who were present 

until the last cycle and risk creating the associated sample bias, we preserved the individuals until they 

attrited themselves from the sample, which treated them as right-hand censored.  

3.4 Summary Statistics 

Table 2 presents summary statistics for the individuals selected in the sample of the YITS-B. The 

full sample is divided into eleven groups based on their first field of study after high-school. This also 

includes a category for the individuals who chose not to pursue post-secondary education. A majority of 

the sample (67.5%) have chosen post-secondary education while 32.5% have chosen not to pursue PSE. 

From the individuals who chose to pursue a PSE degree, the most popular fields of study are, in order: 

Business & management (14%), Arts & Humanities (13.1%) and STEMs other than Biology & Biomedical 

fields7 (12.7%), while the least popular are: Education (1.8%), Primary sector (2.8%), Services (3%) and 

Biology & Biomedical (3.1%). This shows how certain fields of study can be more popular, while others 

have limited enrollment (e.g. biomedical). 

                                                           
7
 From now referred to as STEMS-B 
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Some important differences in the composition of those categories are to be noted. Firstly, 

female subjects are more highly concentrated in the education and health sectors with respectively 

88.1% and 85.3% of these fields. However, women seem to have very low participation rates in 

production & Transport (8.9%) and STEMS-B (24.9%). These results could reflect a certain gender bias 

related to traditional roles. However, the knowledge of this divergence of choice can create 

opportunities for public policies who wish to increase the number of students in the STEM categories. As 

women seem to be underrepresented in these fields, appealing to the feminine population would be 

critical in gaining more growth in these sectors. This particular column also reveals an interesting fact: 

women are more present than men in post-secondary education. Only 40.5% of the females choose not 

to pursue PSE compared to the 59.5% of men. This implies that more and more women are getting 

higher education and that women are now more present then men at the post-secondary level.  This is 

true despite the fact that the sample has slightly more men than women. 

As for immigrants, they seem to target the more lucrative fields of study, with higher 

participation in STEM-B (14.2%), Business & Management (11.4%) and Biology & biomedical (11.2%). 

Individuals with partners (married or common law) at their time of major choice are more likely found in 

education (14%), Services (12.5%) or production (11%). This can show the more likely parings as women 

are highly dominating in education and men are highly dominating in production. Women who are in 

education are also more likely to be family oriented, which could explain this peak for married 

individuals.  

In terms of income, a more important portion of the population seems to have a lower income8 

at the time of their college major choice (on average more than 40%). However, high and low income 

variables are complementary and mutually reinforcing. Individuals in Production and Transports have 

                                                           
8
 Low-income respondents refers to individual who had yearly income lower than the Low-Income Index (LII) 

gradually increases with age, starting at 7000$ ending at 25000$. 
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the highest percentage of high-income (9.7%) at time of choice and the lowest percentage of low-

income (29%), while students in Health seem to be subjected to the inverse (1.7% & 45.5%). These 

trends can show where students need the most monetary help and where to allocate grants and 

scholarships to benefit the less fortunate. 

As expected, individuals who chose not to pursue post-secondary education have on average 

the lowest wages and highest unemployment rate, respectively 8.3$/h. and 11.7%. Production, primary 

sector and services follow with above average unemployment rates and below average wages. The most 

remunerative fields with the lowest unemployment rates are unsurprisingly both of the Sciences driven 

categories: Biology & Biomedical and the Other Sciences, Technologies, Engineering and Mathematics 

(STEM-B) with respectively 17.7$/h & 5.8% and 16.9$/h & 6.5% unemployment. These results concur 

with previous literature.  

One surprising outcome was the fact that Education is tied for highest wage at 17.7$/h. This is 

probably due to the inclusion of professors in the education category, which would bias the scales in 

favor of more lucrative wages than the average student in education can hope for. The same reasoning 

can explain the low wage for Business & Management, when it is known that they are one of the most 

profitable fields of study.  The addition of retail and wholesale in this category’s wage could have biased 

downward the hourly wage. This can be a problem as wages will not be reflective of the true potential of 

these two fields of study. 

The table also shows the mean high school math grade average. Here sharp differences can be 

noted between Science related fields and the other PSE majors. With math averages above the 80% for 

both biology and STEM-B, we can safely assume that individuals who pursue studies in the STEMs fields 

of study have stronger mathematical skills than their counterparts. In contrast, individuals who chose 

not to pursue post-secondary education had the lowest math average with 72.7%. These results show 
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how strong logic skills and/or hard work in high school can translate into more interest in higher levels 

of education.  

On a similar note, the compositions of switching and dropout activities have interesting 

elements. The highest level of switching occurred in Biology and Biomedical with roughly 31% of the 

students switching from this field to another. However, they have the lowest dropout rates. This implies 

that individuals in these fields change their field of study more frequently but still end up graduating. 

This could be to switch to less difficult majors for biomedical students. The STEMS-B fields have a very 

different story with above average dropout rates (12.7%) and below average switching (17.7%). This 

could be attributed to the fact that individuals who have affinities with sciences might be more inclined 

to switch to other sciences rather than radically change to social sciences or humanities. The switching 

distribution also reveals that Production and Services have the lowest rates of switching with 

respectively 7% and 9.4%. This could be attributed to the fact that these fields are broader, so interested 

individuals have more room to switch while remaining within them. On the other hand, the dropout 

rates are lowest for Biology & Biomedical (6.3%), Primary Sector (8.5%) and Education (8.6%). These 

three fields seem more restricted and specialized than the others. Higher switching and dropout rates 

can be a good indicator of peoples' abilities, since lower performance can be linked to higher dropout 

rates and switching to more manageable majors.  

Overall, the summary statistics show that individuals choosing not to follow PSE have 

distinctively different characteristics. Moreover, there is important heterogeneity inside the PSE 

categories, which implies that a variety of factors can influence college major choices. 
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Section 4: Modeling 

In this paper, our primary goal is to improve our understanding of college major decisions 

through the use of labour market variables, pre-college experience and other background variables such 

as influencing agents and controls. To do so, we used the cross-sectional and longitudinal aspects of our 

dataset to estimate two specifications: a multinomial logit and a mixed logit model. The standard 

approach used for college major choice is an individual discrete choice model, using either a conditional 

logit or multinomial logit model. However, the mixed logit specification has been getting growing 

attention in this area since it does not impose IIA condition, explained with further details shortly9. 

Following research by Blom (2012) and Altonji et al (2012) on labour market determinants of 

college major choices, we started with a simple expected utility equation where the i-th student is faced 

with a choice between the M major fields of studies offered to him. Suppose that the expected utility of 

choice m in region r is: 

                                                                                              

where        is the expected major-specific is hourly wage in region r and          is the associated 

level of unemployment at time of high school graduation.      is subject i’s individual characteristics in 

region r, and      is the individual-specific shock.       contains multiple dummy variables: male, 

immigrant, visible minority, low and high income, as well as multiple categorical regressors:  parental 

education, parental occupation, number of siblings, income, number of dependent children, high school 

grade average and grade level for math & language, individual level behavioral characteristics and self-

reported skills.  

                                                           
9
 In our case we clustered both specifications over region and year and frequency weighted by number of subjects 

in each field of study as to comply with Statistics Canada’s requirements and to accommodate the mixed logit 
specification. 
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The student then makes their major choice between the   [    ] available choices. If the 

student makes choice m in particular, then we can assume that his expected utility       is maximized 

among the M choices. The multinomial logit model is driven by the probability that choice m is made, 

which is that                           

Assuming a type I extreme-value distribution for the disturbances       10, the probability of 

individual i choosing major m is:  
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Which can also be written as: 
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where Z is the vector of characteristics and      is the vector of coefficients for choice m. 

Hence, for this specification, we estimated the model for each of the m major fields of study 

proposed (    [    ]) using the category of “Without Post-secondary education” as the base outcome. 

This way we obtain the eleven multinomial logit equations which compare each of the categories 1, 2,…, 

11 to the 12th category of “Without PSE”. 

The multinomial model generates a set of coefficients that capture the marginal effect of each 

regressor on the relative risk of each outcome relative to the base outcome (i.e, Without PSE). The 

regression results are displayed in terms of relative risk ratios (rrr) which have a relatively straight‐

forward and intuitive interpretation. 

                                                           
10

 Based on McFadden, D. (1973) 
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The relative risk ratio follows from the principle of relative risk, which simply put is the relative 

risk of an outcome, let say m, to the base outcome which is 12-Without PSE11. The relative probability or 

relative risk is: 
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 ∑         
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The ratio of relative risk (rrr) for a one-unit variation of one of the base characteristics, such as 

wage, is then:  

   
   

   
   

             
   

          
      

   
   

   
   

         
   

          
      

     
   

                                                                   

Hence, the relative risk ratio for a one-unit change in a variable is in fact the exponential of the 

corresponding coefficients from the multinomial logit. This, in turn, can be evaluated more easily than 

the coefficients that the multinomial logit gives out. 12 The models that we evaluated contained the field 

of study as the dependant variable, the independent variables being: wage by occupation by region, 

unemployment rate by occupation by region, high school variables, general characteristics (including 

gender, age, income, and immigration status), individual level behavioral characteristics as well as self-

rated skills in multiple disciplines. 

The multinomial model imposes multiple assumptions on the data generation process. It 

generally assumes that the data is case specific and that the dependant variables can’t perfectly predict 

the independent variable for any case. We also have to assume collinearity between the explanatory 

variables to be low. In the case of a choice model, the most important assumption is the independence 

                                                           
11

 By using category 12 as the base outcome, it effectively reduces       to zero, as it will be used as the reference 
to which we will compare all other outcomes. 
12

 Another possible way of threating the multinomial logit would be to present the marginal effects. However, with 
the sheer amount of observations and variables in our model, this would be time consuming and would not yield 
different results. They would simply be presented in a different units. 
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of irrelevant alternative assumption (IIA), which implies that the odds of preferring one choice over 

another don’t depend on the presence/absence of other "irrelevant" alternative choices. For example, 

under the IIA, the relative probabilities of choosing a major in physics or economics should not change if 

a major in literature is added as an additional possibility. This is an important and restrictive assumption 

which can cause multiple problems if it is not respected. It is known that individuals often violate this 

assumption when making choices. The addition of choice might change things if the additional choice is 

a perfect or partial substitute for one of the evaluated choices. A problem might also arise due to 

indifference between choices or if the additional choice is considered better. In our case, imposing the 

IIA condition could be considered too restrictive and is likely violated. Thus, the multinomial logit model 

might be imposing an assumption too strong on the relative preferences and be considered undesirable.   

This brings us to its alternative specification: the mixed logit model, also called the random 

parameters logit model. The mixed logit model is an extension of the multinomial model that currently 

acts as the modern way of modeling college major choices. It also examines discrete choices. However, 

it removes some limitations of the multinomial logit by relaxing the IIA property. By removing the 

imposition of the IIA, the mixed logit is better able to approximate adolescent decision making and is a 

more general model. The key benefit is that it also allows for random preference variations and 

correlations in unobserved factors over time, as well as explicitly accounting for individual correlations 

of unobserved utility in repetitive choices. Finally, the estimator and the distribution of coefficient are 

not restricted to a specific parametric distribution. Taken together, these properties allow the model to 

represent more general substitution patterns.  

Based on the Revelt & Train (1998) and Train (2009) paper, the mixed logit estimator is 

underlined by a simple economic choice model where individuals aim to maximize expected utility 

similar to the model presented in 4.1. In this setting each individual is faced with 12 alternatives (the 12 
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possible fields of study) in each of the five cycles studied. Hence, we have the expected utility obtained 

by individual i from alternative m (m   [    ]) in choice situation t (    [   ]):  

                                                  
                            

where     is the individual-specific coefficients vector,      is the vector of observed characteristics of 

individual i for alternative m in cycle t and      is the related error term. The error term is again 

assumed to be an independently and identically distributed extreme value. 

This modification from the multinomial logit model adds one particularly important change to 

the basic model which is its random coefficients formulation. By allowing certain coefficients (     vector 

of individual-specific coefficients) to be different for each individual, the mixed logit allows for random 

parameters. This allows the various coefficients to have different distributions. The unconditional 

probability of the observed order of the choices for individual i is given by the following formula: 

       ∫          |                                                                                                                 

where    |   is the density for a particular   and   are the parameters of the distribution.        is the 

conditional probability of the choices if    is given. The proper formulation would be:  
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Where m(i,t) is the alternative that individual i chose in cycle t. Here, we can see where the multinomial 

logit formulation comes into play as it is used for the conditional logit specification         Hence, the 
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mixed logit is sometimes viewed as “a weighted average of a product of logit formulas evaluated at 

different values of [   ], with the weights given by the density f  |  .”13  

The goal of the mixed logit is to estimate the parameters of distribution of   which comes down 

to estimating the  , the parameters that describe the distribution of the individual-specific coefficients. 

Thus, it estimates the mean and standard deviation of each individual’s coefficients through a series of 

repeated draws of   , which are then used to get the         (see Train (2009) for more details). This 

implies that each individual can have different betas coming from this distribution. In general, the 

individual-coefficient vector and the corresponding expected utility can be presented as:  

                                                                                                               

where b is the mean of the    and    is the individual standard deviation, which represents the personal 

response difference with respect to the average response in the sample. The addition of the standard 

deviation portion allows for correlation over alternatives and cycles. This heterogeneity of the 

parameters explains why the IIA property does not need to hold in the mixed logit context. 

The simulation based estimator employed by the mixed logit model is an approximation of the 

log likelihood of the model using simulation methods. In our model, we use a default of fifty Halton 

draws for the simulation. The simulated log likelihood is given by: 
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where N is the total number of individual, h represents the replications (in our case we used 50) and    

is the h-th draw from the density function f  |  . 

                                                           
13

 See Hole, AR (2007) pp.389. 
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Overall, the mixed logit is a more general specification as it relaxes a number of assumptions 

implicit with the multinomial logit estimator and allows for individual and alternative-specific 

explanatory variables. It can also fit multiple models including the multinomial logit model as a special 

case. The results found with the mixed logit specification should therefore be more accurate than the 

ones found with the multinomial logit estimator. However, it is also more computationally complex. 14 

 

Section 5: Results & Discussion 

5.1 Multinomial Logit Specification 

Table 3 provides the multinomial logit relative risk ratio estimates of major coefficients by field 

of study. This specification uses category “12-Without post-secondary education” as the base outcome 

and evaluates the model over the five cycles, spanning from 1999 to 2007. The relative risk ratios of the 

multinomial logit are explained more thoroughly in Section 4. Table 3 shows the estimates of equation 

4.5.15 The full sample is presented in column one, while column two and three respectively present the 

subsamples for men and women. At the bottom of the table we also report the samples’ size, pseudo-R-

squared, number of iterations and the log likelihoods for each subsample. 

Firstly, focusing on the wages by fields of study, we can see that for a one unit increase in hourly 

wage of the Other Sciences, Technologies, Engineering and Mathematics (STEMS-B) field the relative 

risk, relative to the Without post-secondary education category would be expected to increase by a 

factor of 1.183, holding all other variables constant. This means that the relative risk of studying STEMS-

B fields is increased by roughly 18% compared to choosing not to pursue PSE, all else held constant.  This 

                                                           
14

 In our case, with the size of the sample and the 5 cycle repetition, a full modelisation of the mixed logit 
specification would require computational power far superior than the one available to us in the RDCs at both the 
University of Ottawa and Queen’s University.  
15

 Standard interpretation of exponentiated coefficients uses odd ratios. 
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comes to confirm our hypotheses that increasing wages in a field should lead to more interest in this 

field, which implies increased interest in PSE.  

Over the full sample, seven out the eleven categories lead to an increase in the relative risk 

(rrr>1)16, four of these are statistically significant at a 0.1% level 17, the rest are statistically insignificant. 

On the other hand, four categories lead to a decrease in the relative risk compared to the Without PSE 

category (rrr<1)18. ) . Of these, only one is significant: the Dropout category. However, this category was 

mainly added to control for dropout individuals and observe the effects of certain variables on this 

choice. Yet, since most individuals don’t enter post-secondary education with the idea of dropping out, 

the increase in the expected wage or unemployment rate should not particularly influence their choice.  

In columns 2 and 3, wages seem to have a more pronounced effect on women than men. The 

relative risk ratios are consistently higher for women 19, with gender differences ranging from 2.6% to 

15.3%. This seems to imply that an increase in hourly wage is important for women then for men when 

compared to the Without PSE category. This could be due to their historic role of secondary 

breadwinner.  Women could typically stay at home without too much consequence.  Hence, when it 

comes to work, they can be choosier. Raising their potential wage could increase their interest in post-

secondary education. On the other hand, men are typically the primary breadwinner, which implies that 

they may focus more on finding a job rather than having a higher paying job. This could also partially 

explain the higher returns to schooling for women witnessed by countless papers (see Psacharopoulos 

(1994), amongst others). 

Secondly, when looking at the unemployment rate results, we find that they are more important 

than the results for hourly wages. All the ratios of relative risk are under one (rrr<1) and they are all 

                                                           
16

 relative to the Without PSE category, all else held constant 
17

 Education, Biology & Biomedical, STEMS-B and production 
18

 Business & Management, Health, Services and Dropout of PSE 
19

 Except for the Dropout category which we have explained, is not of particular importance for this variable. 
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highly significant (at a 0.1% level).  This implies that if the unemployment rate were to increase by one 

unit, the relative risk of choosing to pursue a PSE in Education (for example), relative to not pursuing 

post-secondary education, would be expected to decrease by a factor of 0.693, the other variables in 

the model being held constant. All eleven categories produced similar estimates ranging from 0.536 to 

0.77. These results indicate that students seem to attach great importance to the probability of finding 

work in their field of study. If their probability of finding work decreases in a particular field (which is 

equivalent to an increase in their expected unemployment rate), they will decrease their relative risk of 

studying in this field by at least 23% relative to not pursuing PSE, all other things being equal. This 

information corroborates our initial hypothesis that unemployment rate played an important role in 

determining college majors. A high unemployment rate in a field of study seems to decrease the interest 

of students in that field. This is an obvious conclusion since students want to be able to find work in 

their field following their studies. If unemployment rates are high in their field, it would be more difficult 

to do so. This would lead to a decreasing interest in the affected field. 

  Comparing column 2 and 3, we see that unemployment seems to matter more for men than 

women. Men have consistently lower relative risk ratios compared to women. This difference ranges 

from 3.1% to 11.3%. As an example, for men, an increase in unemployment rate by one unit is 

associated with a decrease in the relative risk for the field of Business (relative to not going to PSE) by a 

factor of 0.492. For women, this figure is 0.571. Both of these are significant at a 0.1% level. This implies 

that males react more strongly than females with regards to an increase in unemployment rates.  Again, 

this could be explained by the role of first breadwinner males are typically imposed.  Men might be less 

concerned about how much they earn and more about whether they earn compared to women. This 

would coincide with the findings of the previous wage discussion. 
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We also examined how a variety of other characteristics that could potentially affect the choice 

of field of study. Some clear and interesting patterns emerged. Firstly, looking at the High-school factors, 

we see that the relative risk ratios for high-school math and language levels are way above 1. Biology & 

Biomedical and STEMS-B have particularly high relative risk ratios in the math level case, while 

Education, Social Sciences and Arts & Humanities have higher relative risk ratio in the language level 

case. For example, a one-unit increase of the high-school math level will increase the relative ratio of the 

Business category by a factor of 1.8220. For the language level, this number drops to 1.34. Both are 

significant to the 5% level. Hence, for the field of Business & Management, math level is more important 

than language but both of them increase the odds of choosing to major in business rather than not 

pursuing post-secondary education. When comparing the estimates between men and women, we can’t 

see any particular patterns emerging from these results, which is consistent with the academic literature 

but does differ with many popular anecdotes. On the other hand, when looking at the effect of the 

average grade, the relative risk ratio hovers around one, with little variation. The rrr interval for the full 

sample over the math grade average goes from 0.986 to 1.017, while for language it goes from 0.993 to 

1.036. The overall grade average (GA) doesn’t give more insight, with an interval from 1.01 to 1.064. This 

means that the grade average does not have an important effect on the choice of major, since an 

increase in the GAs by one unit will on average leave very little difference in relative risk between the 

fields and the without PSE category. This is somewhat surprising, since we would expect high school 

grade averages to be indicators of the student’s abilities. However, this might be due to the fact that an 

increase in grade average by one unit is only an increase of one percent21. It would be more interesting 

to look at an increase of five or even ten percent to evaluate the importance of grade averages. Here 

again, There are no clear gender differences between the results and most of them are significant at a 

5% level, with some small exceptions. In summary, the results suggest that what you study, and how you 
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 compared to the without PSE category, all else remaining constant 
21

 It could also be attributed to the fact that self-rated skills would also measure ability. 
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perform in those courses may affect college major decisions but looking at more aggregated measures 

such as grade average masks these patterns. This may also suggest that students sort to courses based 

on their abilities beginning in high school. 

After high-school factors, we look at individual level behavioral characteristics and self-reported 

skills. For the behavioral characteristics, the school activities participation 22 and number of friends 

pursuing PSE both have above one relative risk ratios (rrr>1), while most of the misbehaviour average 

indexes show relative risk ratios below one (rrr<1).  The ranges of relative risk ratios for the full sample 

are respectively: [1.0; 1.375], [1.14; 1.242] and [0.626; 0.964].These results are significant for most of 

the fields of study but again show no particular difference between men and women in the subsamples. 

These results are expected.  Additional school activity involvement and an increase in friends planning to 

further their education beyond high school are both signs of interest and engagement in school which 

should translate into a rise in relative risk of choosing a field of study23. To the opposite, an increase in 

the misbehaving index24 is expected to lower this relative risk as it is an indicator of low interest and 

engagement in school.  The results corroborate these hypotheses. As for the self-reported skills, we 

evaluated computer, writing and mathematics skills and found interesting results. The importance of 

skills depends on the field of study. For instance, the STEMS-B category has rrr>1 for computer and math 

skills, but rrr<1 for writing. On the other hand, Social Sciences has rrr>1 for computer and writing but 

rrr<1 for mathematics. This would indicate that individuals with particular sets of skills are more prone 

to choose related fields of study in order to utilize those skills to their full extent. These results could 

also imply that individuals tend to choose fields in which they have greater confidence in their abilities, 

as the variables were self-rated. When comparing these variables in columns 2 and 3, we find that self-

                                                           
22

 This index measure the involvement in school related activities with an index ranging from 1 to 4, which rates 
how the individual liked to participate in school activities, for example clubs, sports, drama.  
23

 relative to not pursuing a PSE, all else held constant 
24

 Which takes into account alcohol consumption, skipping school and marijuana consumption. The higher the 
index (index range is from 1 to 5) the more misbehaving activities the individual has been doing. 
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reported skills with computers have more important effects for women and self-reported skills in writing 

seem to matter more for men. The effect of math skills is unclear for both genders but this may reflect 

the heterogeneity in math offerings across high schools. That is, a student in applied math may give a 

high self-report but the same student would provide a lower report in a more theoretical math course. 

We also evaluated the effect a variety of general socioeconomic characteristics, including: 

gender, income and region. Here are some of the interesting results found in Table 3. For immigrants, 

the relative risk ratios are generally under one, ranging from 0.357 to 1.337 for STEMS-B25, most of 

which are significant at a 5% level. This implies, for example, that immigrants relative to non-

immigrants, the relative risk for Arts & Humanities26 would be expected to decrease by a factor of 0.521. 

This would imply that immigrants are less likely than non-immigrants to choose these fields of study, 

relative to not pursuing PSE. Lower participation rates for immigrants could be attributed to many 

factors. One possibility would be the language barrier as more immigrants have to study in a language 

that is not their mother tongue. This would generate more schooling difficulties for these individuals 

which in turn would reduce their chances of pursuing PSE. The Atlantic, Quebec and Ontario regions all 

have similar effects hovering around the one relative risk ratio margin (rrr≈1). These are mostly 

statistically significant at conventional levels, respectively fluctuating between:  [0.97; 1.0], [1.01; 1.05] 

and [088; 1.0]. This would imply that the region of residence at time of college major choice is not a 

particularly essential determinant of field of study. However, the high and low income dummy variables 

seem to have an important effect on the choice of major. The relative risk ratios are above one for low-

incomes and below one for the high-incomes, varying between 1.055 - 1.912 and 0.024 - 0.569, 

respectively. Both are statistically significant at the conventional levels. This implies that for low-income 
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 The only other category that has an rrr > 1 is Business & Management. This could be due to the higher level of 
immigrants found in those fields, which was reported in section 3 using Table 2. 
26

 compared to the Without PSE category, the other variables in the model being held constant 
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compared to not low-income, the relative risk ratio for STEMS-B27 is expected to increase by a factor of 

1.402. For the high-income relative to the not high-income, this factor drops to 0.347 and both are 

statistically significant at a 1% level. This would suggest that low-income individuals are more likely to 

pursue post-secondary education, while high-income individuals are less likely to do so. This goes 

against what we would typically believe but could still be explained by the fact that lower income 

individuals might have a lower income due to the fact that they are studying rather than making money 

working.  

When comparing the estimates between columns 2 and 3 of Table 3, we don’t see clear ordering 

between gender effects for most variables. However, we do see one for the low-income variable, where 

females seem to be more affected by the low-income compared to the not low-income. This would 

imply that lower income females are more preoccupied about getting PSE than their male counterparts. 

Another important difference between genders can be seen with the male status variable. The male 

status variable obtains a majority of relative risk ratios below the bar of one (rrr<1), except for the 

STEMS-B and the Production categories, which we have already established as the more male 

dominated fields of study. This implies that for males, compared to females, the expected relative ratio 

of the Business category (relative to Without PSE) should decrease by a factor of 0.492, all else held 

constant. This would imply that for most of the fields of study, women are more prone to follow post-

secondary education than men. This ties-back perfectly with the summary stats found in Table 2. 

Overall, the estimates presented in Table 3 suggest that a large number of factors seem to affect 

the decision making process of a student choosing his/her major. Most of the factors behave in a way 

we would expect ex-ante, but some of the estimated effects appear to be counter-intuitive. Of course, 

we observe some anomalies with the results, which can mostly be attributed to the data. Other 
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 relative to Without PSE, all else held constant. 
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measurement errors could also be the cause of some these incongruities. For example, expected wages 

are constructed by averaging over the occupational wages matching the field of study. However, many 

individuals do not end up working in their field of study which would create discrepancies between their 

expected earnings and their actual future earnings. The world of decision making is a complicated one as 

it is continually evolving with access to new information, as well as preferences changing over time. 

With the limited amount of data available to us, it’s no wonder that it is difficult to construct a complete 

modeling that would take all of these aspects into consideration, which is why we see partial problems 

with the data. However, the main findings remain; wages and unemployment rates seem to significantly 

affect the choice of field of study, particularly unemployment rates. 

5.2 Mixed Logit specification 

Table 4 presents the results from the simplest mixed logit specification 28 using only wage and 

unemployment as random parameters affecting the choice of field of study. Due to the very large 

number of observations created with the wide form over the field of study, the analysis was cut to only 

evaluate the effect over cycle 2.29 The simulation was performed using 50 Harlow random draws for 

each sampled field of study and we consider the normally distributed coefficients. 

The estimated means and standard deviation of the coefficients presented in Table 3 provide 

information on the extent to which fields of study differ by showing the share of the sample that will 

place a positive or negative value on the variable. The distribution of the hourly wage finds an estimated 

mean of -0.158 and an estimated standard deviation of 0.202. This indicates that 78.3 percent of the 
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 More complete models were run but results were similar to the presented model and both take a lot more space 
to present and in certain circumstances have yet to be released from the RDC to ensure confidentiality is 
maintained. 
29

 We chose to use cycle 2 as it has the closest estimates to the full model under the multinomial logit model. It 
also still has enough observations in the sample and limits the bias due to switching found in cycle 1. 
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distribution is above zero, while 21.7 percent is below30. This implies that higher hourly wage is a 

positive inducement for about three quarters of the students and a negative factor for the other 

quarter.  On the other hand, the distribution of unemployment rates finds an estimated mean of 0.372 

and an associated standard deviation of 0.473. This implies that  roughly a quarter of the students prefer 

having a higher unemployment rate, while the other three quarters prefer having a lower 

unemployment rate.  

The standard deviations of the random coefficients enters the model in a  statistically significant 

manner, indicating that a mixed logit provides a significantly better representation of the major choice 

decision relative to the standard multinomial logit, which assumes that the coefficients are all the same 

for all majors. The factors that affect college major decisions have a heterogeneous relationship across 

the sample. However, even when we ignore this effect heterogeneity and estimate the multinomial logit 

model, a similar conclusion emerges:  increasing hourly wages and reducing unemployment rates have a 

positive link on average to the decision of which college major to study. This also indicates why many 

information experiments that have been postulated by industry advocacy groups such as The Canadian 

Coalition for Tomorrow’s Information and Communications Technology to boost attendance in ICT and 

STEM fields, by providing high school students with information on the labour market for graduates 

have had low returns. Our analysis shows that students seem to have a sense of this information, but 

the mixed logit results indicates there is a great deal of heterogeneity and future work needs to 

understand for which students this information could be valuable. 
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 These figures are given by              , where      is the cumulative standard normal distribution of  , 
   is the mean of the k-th coefficient (in our case hourly wage or unemployment rate) and    is its associated 
standard deviation. 
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5.3: Possible improvements and extensions  

While these results corroborate the American findings on the subject, it might be interesting to 

change or extend those results to get even more precise results. Many improvements could be made in 

this regard. One simple improvement would be to extend the mixed logit model so it contains the full 

extent of the control variables, so we can see which variables vary across observations or have normally 

distributed coefficients. Another possible extension would be to change the classification of the fields. 

Due to the nature of the multinomial analysis, the classification was limited to twelve groupings. It 

would be interesting to redo this analysis with a larger and more detailed array of majors to see the 

precise effects of the major choice decision. This would also necessitate another dataset for the wage 

and unemployment rates as the CANSIM dataset is not equipped to provide sufficient detail for smaller 

classes.  

 Separating groupings such as Retail and Wholesale from Business & Management or professors 

from the Education category would provide more adequate estimates of the major choice decision. It 

would also be interesting to add in a factor that evaluates the expected level of post-secondary 

education. Other limitations of this study come from the choice of fields of study. Adding controls for 

switching or additional fields of study would give us a better perspective of the choices the students 

make when they have multiples field of study per cycle. In our case only one field of study could be 

chosen per cycle. This is necessary for statistical purposes; otherwise problems with the specifications 

could have arisen. 
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Section 6: Conclusion 

As productivity is generally unknown by employers, the use of human capital, such as education, 

to evaluate the potential of a young worker is common. Hence, the importance of human capital and its 

link to higher wages.  Higher education indicates potentially higher productivity, which leads to higher 

wages and more demand. As pecuniary and non-pecuniary compensations can vary greatly with respect 

to education and occupational choices, demand for and returns to types of human capital investment 

attract more and more interest from researchers and public policy analysts alike. 

In this paper, we extend the Canadian education and labour economics literature on the 

determinants of college major choice by incorporating multiple labour market variables to the general 

model, specifically wages and unemployment rates. We also evaluate the complex model, which 

includes many controls, with two different specifications in order to have a clearer understanding of 

both the problem at hand and the public policy options available. We find that both wages and 

unemployment play an important role in determining college major choices. As unemployment in a field 

of study increases, students are more likely to choose other fields of study or not to pursue post-

secondary education altogether. This effect is particularly strong in the men’s case while the effect on 

wages is more important for females. This also shows the statistically significant and important gender 

differences in both the distribution and trends of the fields of study, as witnessed in the multinomial 

specification. Our study shows that men and women have very different patterns of selection when it 

comes to college majors. In addition, educational decisions are affected by numerous factors, some in 

an expected way, while others can have surprising effects. For example, we see that self-reported skills 

can have positive or negative effects depending on the chosen field of study. A specific instance of this 

would be that computer and writing skills affect positively Social sciences studies choices, while 

mathematical skills affect them negatively. An increase in mathematical skills by one unit (out of four) is 



34 
 

expected to decrease the relative risk of choosing social sciences31 by more than 25%. Therefore, we 

definitely see sorting within the fields of study. This paper also confirms a certain type of sorting at the 

high school level where we see that math and language level have an important and positive link with 

the college major decision as well as overall grades and skills. Therefore, influencing kids at a younger 

age could affect the sorting that we see at the high school level. A surprising result came from the 

effects of make skills where we would have expected a more significant overall effect and a clear 

difference between man and women. The insignificant results of gender difference in math skill can be 

attributed to various factors including heterogeneity in math offerings across high schools.  

On the public policy front, these results can be very interesting as they can steer educational 

policies in the right direction. For example, while women have been increasingly choosing Biology & 

Biomedical fields, they remain vastly outnumbered by men in the more mathematical sciences. Hence, 

public policies focusing on boosting interest in STEM fields of study should appeal to a more feminine 

audience to improve their growth in a relatively unexploited section of the population. Through our 

study, we discovered that women are more likely to choose more mathematically intensive sciences (the 

STEM-B category) if they have a higher level of mathematics, more friends pursuing PSE or higher 

computer skills.  A good plan of action would therefore be to provide free classes, tutors, perfecting 

sessions and skill boosting activities in math and computer sciences. Having extra access to computers 

and incorporating them in the class curriculums could also provide some help. Encouraging high-school 

students to choose more advanced levels of math by making math more fun at younger ages could also 

increase interest in math related fields. Our findings also show that low income students are more 

concentrated in STEM and that STEM students have higher grade averages, both overall and in math. 

Hence, allocation of scholarships and bursaries to lower income students and those with better 

academic achievements should also boost STEM post-secondary enrollment.  

                                                           
31

 Relative to the Without PSE category, all else held constant 
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Another potential plan would be to ensure better public access (read advertising here) to the average 

wages and unemployment rates of STEM graduates32. By providing insider knowledge on the 

determinants of college major choices, we can effectively influence student participation in those fields 

to meet job markets demands.   

As we have stressed multiple times in this paper, we know that the factors affecting the college 

major choice decision have a heterogeneous relationship. This paper has listed numerous contrasting 

results between men and women. Women seem to be more affected by wage then men, while the 

latter are more preoccupied by unemployment rates than their counterparts. The use of the mixed logit 

specification has also confirmed presence of heterogeneity within the sample, where we see statistically 

significant and important returns on standard deviations of the coefficients. This implies that we can 

safely say that the effects of wage and unemployment rate can differ substantially over the sample. 

Students grant varying weights to these variables which proves the presence of heterogeneity. 

Understanding where this heterogeneity comes from is an important subject that needs to be accounted 

for and targeted in future research.    

 

  

                                                           
32

 As STEMs categories are some of the highest paid with the lowest unemployment rates in PSE, making this 
knowledge more accessible to students should increase their interest. Especially for women who react  more 
strongly to increase in expected wages than men. 
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Appendix: Tables 

 

TABLE 1: Distribution of respondents in the YITS-B surveys, 1999-2007 

Cycle observations 
% of original 

sample 
% of 

females 
% of 

immigrants 
% of low-
income 

% of 
dropouts 

1 22 329 100.0 48.82 8.42 41.12 13.57 

2 18 698 83.7 48.9 8.47 40.89 13.92 

3 14 717 65.9 49.04 7.98 40.68 13.99 

4 12 329 55.2 49.07 7.31 40.07 13.81 

5 9 835 44.0 49.13 6.94 40.35 13.49 

Note: Presenting distribution of respondent by cycle to evaluate level and severity of attrition. Analytically 

weighted with weights provided by the YITS-B. Percentage of females refers to the sex of the respondent. 

Percentage of immigrants refers to their status of landed immigrant. Percentage of low-income respondents refers 

to individual who had yearly income lower than the Low-Income Index (LII gradually increases with age, starting at 

7000$ ending at 25000$). Percentage of dropouts refers to the individuals who started PSE but never graduated 

(sample reduced to only individual who took PSE).  

Source: Statistics Canada YITS-B (1999-2007) 
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TABLE 2: College Possible Fields of Study Characteristics in the YITS-B surveys, 1999-2007 

Fields Share 
% of 

females 
% of 

immigrants 
% of 

married~ 
% of low-
income 

% of high-
income 

1- Business & Mgmt. 14.0 59.2 11.4 8.5 39.3 3.3 

2- Education 1.8 88.1 5.0 14.0 41.6 3.1 

3- Art & Humanities 13.1 59.6 5.2 5.1 46.0 3.3 

4- Social Sciences 7.1 72.5 7.6 6.7 38.7 4.0 

5- Biology & Biomed. 3.1 65.5 11.2 3.3 35.8 3.8 

6- Other STEM 12.7 24.9 14.2 5.0 44.0 4.0 

7- Health 4.7 85.3 5.9 9.5 45.5 1.7 

8- Production 5.2 8.9 6.1 11.0 29.0 9.7 

9- Primary Sector 2.8 52.6 6.2 5.4 37.8 5.4 

10- Services 3.0 57.9 4.0 12.5 40.5 2.9 

12- Without PSE 32.5 40.5 7.6 10.4 40.9 7.3 

Total 100.0 48.9 8.4 8.2 40.9 5.0 

Fields 
% of living 
in Ontario 

Avg. 
Hourly 
wager 

Avg. 
Unemploy
ment rater 

Avg. HS 
math 
grade 

% of 
switchers 

% of 
dropouts 

1- Business & Mgmt. 42.1 12.8 7.0 76.5 16.5 13.5 

2- Education 34.4 17.7 6.5 74.8 18.4 8.6 

3- Art & Humanities 36.0 12.9 7.9 75.1 24.6 14.1 

4- Social Sciences 42.8 13.9 6.9 74.1 27.1 13.4 

5- Biology & Biomed. 44.8 17.7 5.8 83.2 31.1 6.3 

6- Other STEM 36.8 16.9 6.5 80.9 17.7 12.7 

7- Health 32.4 13.6 6.8 76.7 12.2 10.2 

8- Production 32.1 11.6 10.0 74.5 7.0 14.2 

9- Primary Sector 37.5 10.2 9.7 76.0 22.7 8.5 

10- Services 48.7 10.7 8.5 74.2 9.4 12.5 

12- Without PSE 32.2 8.3 11.7 72.7 - - 

Total 36.5 12.2 8.8 75.5 19.1 12.5 

~ married or common law at time of choice of field of study 
r
 Regional wages and Unemployment rates expected at time of high school graduation. 

Note: Presenting Summary statistics to show heterogeneity of the composition of choices. Analytically weighted 

with weights provided by the YITS-B. 11 choices are shown (see detailed list in footnote -3), choice 11, composition 

is shown through % of dropouts. It shows how many individuals dropout before graduating PSE, which imply 

exclusion of category 12. Category 12 is also excluded for switchers, individuals who chose to change their general 

category of study. Share is the share of the total sample size found in each category. Low & high income are 

calculated at time of choice of field of study based on age of the individual (starting at 7000$ for 18-20 finishing at 

20000$ for 26-28 years old).% living in Ontario based on residence at time of choice.  

Source: Statistics Canada YITS-B (1999-2007) 
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TABLE 3: Ratio of Relative Risk of the multinomial logit regression of the of college major choice 
decision equation on selected fields of study with labour market variables, general, high school, 
skills and psychological controls. For 5 cycles respondents of the YITS-B (1999-2007) 

Fields RRR Full model RRR Men RRR Women 

Business, Management & Public Admin   

Wage 
0.958 

(0.040) 
0.927 

(0.038) 
0.990 

(0.045) 

Unemployment rate 
0.536 

(0.037)*** 
0.492 

(0.039)*** 
0.571 

(0.036)*** 

male status 
0.492 

(0.026)*** 
- - 

immigration status 
1.184 

(0.111) 
1.026 

(0.178) 
1.254 

(0.202) 

visible minority 
1.616 

(0.146)*** 
1.616 

(0.251)** 
1.577 

(0.202)*** 

Atlantic province status 
0.976 

(0.005)*** 
0.976 

(0.009)** 
0.976 

(0.005)*** 

Quebec province status 
1.065 

(0.022)** 
1.103 

(0.029)*** 
1.037 

(0.020) 

Ontario province status 
0.925 

(0.013)*** 
0.854 

(0.017)*** 
0.958 

(0.020)* 

Prairies province status 
21.190 

(18.220)*** 
32.109 

(29.774)*** 
15.883 

(12.377)*** 

parental occupation 
9.796 

(5.203)*** 
12.738 

(7.477)*** 
8.286 

(4.026)*** 

parental education 
0.168 

(0.118)* 
0.155 

(0.114)* 
0.173 

(0.116)** 

siblings 
0.089 

(0.052)*** 
0.073 

(0.047)*** 
0.107 

(0.058)*** 

income (in 1000$) 
1.036 

(0.008)*** 
1.028 

(0.007)*** 
1.066 

(0.013)*** 

low income status 
1.350 

(0.195)* 
1.423 

(0.246)* 
1.715 

(0.227)*** 

high income status 
0.215 

(0.033)*** 
0.294 

(0.040)*** 
0.145 

(0.040)*** 

number of dependent children 
0.569 

(0.049)*** 
0.565 

(0.062)*** 
0.521 

(0.049)*** 

age group 
1.905 

(0.283)*** 
2.039 

(0.294)*** 
1.799 

(0.297)*** 

HS level of math 
1.824 

(0.177)*** 
1.929 

(0.169)*** 
1.769 

(0.213)*** 

HS level of language 
1.344 

(0.163)* 
1.411 

(0.146)** 
1.303 

(0.189) 

HS math grade average 
0.998 

(0.002) 
0.995 

(0.004) 
1.002 

(0.003) 

HS language grade average 
1.014 

(0.003)*** 
1.021 

(0.006)*** 
1.006 

(0.003)* 
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HS overall grade average 
1.023 

(0.007)*** 
1.018 

(0.006)** 
1.030 

(0.007)*** 

school activities participation index  
1.115 

(0.034)*** 
1.174 

(0.047)*** 
1.092 

(0.045)* 

number of friends going to PSE 
1.186 

(0.047)*** 
1.158 

(0.048)*** 
1.225 

(0.058)*** 

alcohol consumption (per month) 
1.223 

(0.041)*** 
1.260 

(0.057)*** 
1.202 

(0.048)*** 

misbehaviour index 
0.851 

(0.061)* 
0.833 

(0.068)* 
0.861 

(0.071) 

self-reported skill with computers 
1.801 

(0.043)*** 
1.553 

(0.072)*** 
1.955 

(0.055)*** 

self-reported skill in writing 
1.047 

(0.028) 
1.197 

(0.035)*** 
0.911 

(0.040)* 

self-reported skill in mathematics 
1.131 

(0.026)*** 
1.146 

(0.033)*** 
1.126 

(0.033)*** 

constant 
1.78E-07 

(6.15E-07)*** 
7.62E-08 

(2.39E-07)*** 
1.15E-07 

(4.51E-07)*** 

Education    

wage 
1.217 

(0.035)*** 
1.132 

(0.045)** 
1.264 

(0.045)*** 

unemployment 
0.693 

(0.034)*** 
0.636 

(0.040)*** 
0.728 

(0.031)*** 

male status 
0.167 

(0.019)*** 
- - 

immigration status 
0.357 

(0.135)** 
0.509 

(0.335) 
0.304 

(0.124)** 

visible minority 
0.463 

(0.095)*** 
0.547 

(0.288) 
0.456 

(0.117)** 

Atlantic province status 
0.975 

(0.009)** 
0.948 

(0.025)* 
0.975 

(0.010)*** 

Quebec province status 
1.060 

(0.028)* 
1.192 

(0.056)*** 
1.028 

(0.026) 

Ontario province status 
0.983 

(0.024) 
1.053 

(0.063) 
0.973 

(0.029) 

Prairies province status 
10.974 

(11.256)* 
21.229 

(25.407)* 
8.239 

(7.470)* 

parental occupation 
12.818 

(7.797)*** 
28.404 

(23.315)*** 
11.102 

(5.883)*** 

parental education 
0.112 

(0.081)** 
0.070 

(0.077)* 
0.112 

(0.070)*** 

siblings 
0.199 

(0.130)* 
0.205 

(0.179) 
0.224 

(0.126)** 

income (in 1000$) 
1.049 

(0.009)*** 
1.040 

(0.008)*** 
1.081 

(0.013)*** 

low income status 
1.898 

(0.299)*** 
2.428 

(0.558)*** 
2.497 

(0.420)*** 
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high income status 
0.024 

(0.013)*** 
0.017 

(0.028)* 
0.023 

(0.010)*** 

number of dependent children 
0.504 

(0.052)*** 
1.279 

(0.258) 
0.342 

(0.050)*** 

age group 
1.837 

(0.281)*** 
1.899 

(0.255)*** 
1.769 

(0.315)** 

HS level of math 
1.389 

(0.193)* 
1.337 

(0.274) 
1.445 

(0.217)* 

HS level of language 
1.988 

(0.304)*** 
2.989 

(0.969)** 
1.929 

(0.292)*** 

HS math grade average 
0.994 

(0.003) 
0.982 

(0.007)** 
1.001 

(0.003) 

HS language grade average 
1.012 

(0.006)* 
1.036 

(0.010)*** 
1.000 

(0.007) 

HS overall grade average 
1.036 

(0.007)*** 
1.031 

(0.011)** 
1.041 

(0.009)*** 

school activities participation index  
1.375 

(0.088)*** 
1.531 

(0.177)*** 
1.365 

(0.105)*** 

number of friends going to PSE 
1.146 

(0.060)** 
1.566 

(0.175)*** 
1.105 

(0.064) 

alcohol consumption (per month) 
1.160 

(0.056)** 
1.033 

(0.089) 
1.204 

(0.076)** 

misbehaviour index 
0.741 

(0.048)*** 
1.051 

(0.187) 
0.679 

(0.066)*** 

self-reported skill with computers 
1.373 

(0.048)*** 
1.090 

(0.086) 
1.431 

(0.060)*** 

self-reported skill in writing 
1.366 

(0.101)*** 
1.854 

(0.151)*** 
1.185 

(0.104) 

self-reported skill in mathematics 
0.840 

(0.045)** 
0.944 

(0.103) 
0.825 

(0.049)** 

constant 
1.17E-10 

(4.14E-10)*** 
1.75E-14 

(6.38E-14)*** 
7.23E-11 

(2.76E-10)*** 

Art & Humanities    

wage 
1.041 

(0.038) 
1.010 

(0.034) 
1.072 

(0.045) 

unemployment 
0.630 

(0.041)*** 
0.590 

(0.045)*** 
0.664 

(0.039)*** 

male status 
0.682 

(0.031)*** 
- - 

immigration status 
0.731 

(0.051)*** 
0.521 

(0.085)*** 
0.903 

(0.139) 

visible minority 
0.786 

(0.090)* 
0.688 

(0.113)* 
0.854 

(0.131) 

Atlantic province status 
0.980 

(0.005)*** 
0.986 

(0.007)* 
0.976 

(0.007)** 

Quebec province status 
1.148 

(0.022)*** 
1.157 

(0.028)*** 
1.132 

(0.021)*** 
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Ontario province status 
0.929 

(0.020)** 
0.933 

(0.025)* 
0.921 

(0.030)* 

Prairies province status 
8.920 

(7.969)* 
10.658 

(10.750)* 
7.435 

(5.850)* 

parental occupation 
8.620 

(4.188)*** 
8.886 

(5.411)*** 
8.133 

(3.308)*** 

parental education 
0.151 

(0.116)* 
0.130 

(0.113)* 
0.166 

(0.114)** 

siblings 
0.108 

(0.069)** 
0.080 

(0.061)** 
0.138 

(0.076)*** 

income (in 1000$) 
1.013 

(0.009) 
1.004 

(0.008) 
1.040 

(0.013)** 

low income status 
1.709 

(0.231)*** 
1.963 

(0.277)*** 
1.981 

(0.245)*** 

high income status 
0.227 

(0.047)*** 
0.347 

(0.081)*** 
0.140 

(0.033)*** 

number of dependent children 
0.320 

(0.041)*** 
0.673 

(0.120)* 
0.232 

(0.031)*** 

age group 
1.657 

(0.256)** 
1.787 

(0.266)*** 
1.555 

(0.264)** 

HS level of math 
1.378 

(0.159)** 
1.379 

(0.198)* 
1.360 

(0.153)** 

HS level of language 
2.012 

(0.267)*** 
2.043 

(0.167)*** 
2.012 

(0.371)*** 

HS math grade average 
0.994 

(0.002)** 
0.989 

(0.003)** 
0.998 

(0.002) 

HS language grade average 
1.027 

(0.003)*** 
1.033 

(0.005)*** 
1.018 

(0.005)*** 

HS overall grade average 
1.044 

(0.005)*** 
1.043 

(0.004)*** 
1.049 

(0.007)*** 

school activities participation index  
1.201 

(0.046)*** 
1.125 

(0.044)** 
1.268 

(0.066)*** 

number of friends going to PSE 
1.140 

(0.050)** 
1.147 

(0.056)** 
1.147 

(0.054)** 

alcohol consumption (per month) 
1.043 

(0.043) 
0.981 

(0.051) 
1.097 

(0.048)* 

misbehaviour index 
0.964 

(0.045) 
0.944 

(0.074) 
0.986 

(0.042) 

self-reported skill with computers 
1.297 

(0.046)*** 
1.189 

(0.051)*** 
1.348 

(0.053)*** 

self-reported skill in writing 
1.518 

(0.072)*** 
1.658 

(0.076)*** 
1.380 

(0.077)*** 

self-reported skill in mathematics 
0.659 

(0.015)*** 
0.633 

(0.016)*** 
0.683 

(0.021)*** 

constant 
5.03E-09 

(1.66E-08)*** 
1.09E-08 

(3.19E-08)*** 

1.76E-09 
(6.92E-09)*** 
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Social Sciences    

wage 
1.038 

(0.026) 
1.006 

(0.027) 
1.066 

(0.031)* 

unemployment 
0.581 

(0.028)*** 
0.549 

(0.035)*** 
0.609 

(0.025)*** 

male status 
0.398 

(0.020)*** 
- - 

immigration status 
0.713 

(0.091)** 
0.798 

(0.198) 
0.657 

(0.122)* 

visible minority 
1.415 

(0.179)** 
1.264 

(0.240) 
1.491 

(0.228)** 

Atlantic province status 
0.977 

(0.006)*** 
0.979 

(0.011) 
0.975 

(0.007)*** 

Quebec province status 
1.127 

(0.026)*** 
1.163 

(0.037)*** 
1.104 

(0.021)*** 

Ontario province status 
0.872 

(0.025)*** 
0.804 

(0.032)*** 
0.892 

(0.030)** 

Prairies province status 
16.249 

(14.112)** 
15.586 

(14.861)** 
14.517 

(11.352)** 

parental occupation 
6.476 

(3.804)** 
6.862 

(4.504)** 
5.978 

(3.208)** 

parental education 
0.125 

(0.099)** 
0.076 

(0.068)** 
0.149 

(0.108)** 

siblings 
0.084 

(0.051)*** 
0.063 

(0.046)*** 
0.103 

(0.054)*** 

income (in 1000$) 
1.028 

(0.010)** 
1.017 

(0.009) 
1.058 

(0.014)*** 

low income status 
1.620 

(0.226)** 
1.613 

(0.302)*** 
2.114 

(0.236)*** 

high income status 
0.152 

(0.027)*** 
0.122 

(0.034)*** 
0.153 

(0.040)*** 

number of dependent children 
0.532 

(0.082)*** 
0.547 

(0.101)** 
0.499 

(0.083)*** 

age group 
1.860 

(0.301)*** 
1.979 

(0.314)*** 
1.767 

(0.313)** 

HS level of math 
1.594 

(0.159)*** 
1.553 

(0.182)*** 
1.611 

(0.173)*** 

HS level of language 
2.060 

(0.220)*** 
2.589 

(0.229)*** 
1.926 

(0.268)*** 

HS math grade average 
0.986 

(0.002)*** 
0.972 

(0.004)*** 
0.993 

(0.002)** 

HS language grade average 
1.018 

(0.005)*** 
1.023 

(0.005)*** 
1.013 

(0.005)* 

HS overall grade average 
1.035 

(0.008)*** 
1.043 

(0.006)*** 
1.035 

(0.009)*** 

school activities participation index  
1.186 

(0.044)*** 
1.250 

(0.065)*** 
1.188 

(0.057)*** 
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number of friends going to PSE 
1.221 

(0.050)*** 
1.513 

(0.112)*** 
1.139 

(0.049)** 

alcohol consumption (per month) 
1.194 

(0.036)*** 
1.168 

(0.057)** 
1.220 

(0.042)*** 

misbehaviour index 
0.855 

(0.043)** 
0.930 

(0.081) 
0.825 

(0.043)*** 

self-reported skill with computers 
1.279 

(0.041)*** 
1.205 

(0.059)*** 
1.291 

(0.041)*** 

self-reported skill in writing 
1.417 

(0.053)*** 
1.667 

(0.074)*** 
1.249 

(0.050)*** 

self-reported skill in mathematics 
0.744 

(0.024)*** 
0.750 

(0.033)*** 
0.742 

(0.028)*** 

constant 
5.94E-09 

(1.57E-08)*** 
1.45E-10 

(3.31E-10)*** 
7.82E-09 

(2.37E-08)*** 

Biology & Biomedical    

wage 
1.243 

(0.029)*** 
1.164 

(0.022)*** 
1.317 

(0.046)*** 

unemployment 
0.693 

(0.033)*** 
0.642 

(0.037)*** 
0.738 

(0.028)*** 

male status 
0.421 

(0.027)*** 
- - 

immigration status 
0.867 

(0.133) 
0.468 

(0.124)** 
1.210 

(0.189) 

visible minority 
1.802 

(0.218)*** 
2.008 

(0.385)*** 
1.651 

(0.234)*** 

Atlantic province status 
0.967 

(0.008)*** 
0.973 

(0.014) 
0.962 

(0.010)*** 

Quebec province status 
1.149 

(0.037)*** 
1.163 

(0.042)*** 
1.134 

(0.036)*** 

Ontario province status 
0.948 

(0.027) 
0.885 

(0.046)* 
0.967 

(0.031) 

Prairies province status 
11.703 

(10.327)** 
14.962 

(14.341)** 
9.628 

(7.580)** 

parental occupation 
8.324 

(5.399)** 
11.280 

(8.737)** 
7.195 

(4.080)** 

parental education 
0.075 

(0.067)** 
0.089 

(0.086)* 
0.065 

(0.056)** 

siblings 
0.144 

(0.086)** 
0.124 

(0.086)** 
0.174 

(0.088)** 

income (in 1000$) 
1.020 

(0.010)* 
1.012 

(0.009) 
1.049 

(0.014)** 

low income status 
1.568 

(0.246)** 
1.616 

(0.305)* 
2.001 

(0.313)*** 

high income status 
0.205 

(0.062)*** 
0.274 

(0.096)*** 
0.132 

(0.051)*** 

number of dependent children 
0.338 

(0.096)*** 
0.584 

(0.217) 
0.231 

(0.066)*** 
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age group 
1.659 

(0.344)* 
1.390 

(0.278) 
1.765 

(0.407)* 

HS level of math 
4.178 

(0.473)*** 
3.987 

(0.798)*** 
4.382 

(0.622)*** 

HS level of language 
1.455 

(0.182)** 
1.414 

(0.193)* 
1.533 

(0.249)** 

HS math grade average 
1.017 

(0.004)*** 
1.002 

(0.006) 
1.028 

(0.005)*** 

HS language grade average 
1.036 

(0.004)*** 
1.036 

(0.005)*** 
1.030 

(0.006)*** 

HS overall grade average 
1.064 

(0.007)*** 
1.077 

(0.013)*** 
1.062 

(0.008)*** 

school activities participation index  
1.300 

(0.054)*** 
1.340 

(0.079)*** 
1.320 

(0.082*** 

number of friends going to PSE 
1.242 

(0.072)*** 
1.173 

(0.073)* 
1.290 

(0.096)** 

alcohol consumption (per month) 
1.260 

(0.073)*** 
1.252 

(0.098)** 
1.275 

(0.082)*** 

misbehaviour index 
0.760 

(0.084)* 
0.696 

(0.092)** 
0.798 

(0.100) 

self-reported skill with computers 
1.277 

(0.059)*** 
1.233 

(0.083)** 
1.319 

(0.052)*** 

self-reported skill in writing 
1.168 

(0.044)*** 
1.267 

(0.075)*** 
1.064 

(0.065) 

self-reported skill in mathematics 
1.030 

(0.052) 
1.035 

(0.071) 
1.028 

(0.056) 

constant 
5.64E-17 

(1.13E-16)*** 
6.68E-16 

(1.67E-15)*** 
1.97E-18 

(4.81E-18)*** 

Sciences, Tech, Math & Engineer    

wage 
1.183 

(0.029)*** 
1.147 

(0.024)*** 
1.275 

(0.048)*** 

unemployment 
0.674 

(0.033)*** 
0.639 

(0.040)*** 
0.736 

(0.027)*** 

male status 
1.745 

(0.133)*** 
- - 

immigration status 
1.337 

(0.238) 
1.314 

(0.248) 
1.076 

(0.234) 

visible minority 
1.279 

(0.204) 
1.239 

(0.213) 
1.531 

(0.322)* 

Atlantic province status 
0.984 

(0.007)* 
0.989 

(0.008) 
0.975 

(0.009)** 

Quebec province status 
1.082 

(0.025)** 
1.091 

(0.031)** 
1.067 

(0.024)** 

Ontario province status 
0.950 

(0.018)** 
0.958 

(0.019)* 
0.917 

(0.029)** 

Prairies province status 
16.134 

(12.234)*** 
21.572 

(18.788)*** 
12.153 

(7.228)*** 
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parental occupation 
9.794 

(4.466)*** 
12.825 

(6.944)*** 
6.727 

(2.308)*** 

parental education 
0.185 

(0.131)* 
0.208 

(0.158)* 
0.145 

(0.098)** 

siblings 
0.199 

(0.096)** 
0.177 

(0.099)** 
0.251 

(0.097)*** 

income (in 1000$) 
1.018 

(0.009)* 
1.012 

(0.008) 
1.042 

(0.012)*** 

low income status 
1.402 

(0.180)** 
1.363 

(0.199)* 
1.791 

(0.222)*** 

high income status 
0.347 

(0.061)*** 
0.412 

(0.070)*** 
0.218 

(0.068)*** 

number of dependent children 
0.537 

(0.054)*** 
0.607 

(0.085)*** 
0.392 

(0.080)*** 

age group 
1.695 

(0.284)** 
1.766 

(0.269)*** 
1.592 

(0.324)* 

HS level of math 
2.234 

(0.264)*** 
2.214 

(0.272)*** 
2.253 

(0.300)*** 

HS level of language 
1.255 

(0.143)* 
1.303 

(0.126)** 
1.127 

(0.208) 

HS math grade average 
1.015 

(0.003)*** 
1.009 

(0.004)* 
1.025 

(0.006)*** 

HS language grade average 
1.012 

(0.004)** 
1.017 

(0.005)** 
0.997 

(0.005) 

HS overall grade average 
1.035 

(0.007)*** 
1.029 

(0.009)** 
1.056 

(0.007)*** 

school activities participation index  
1.000 

(0.036) 
0.961 

(0.034) 
1.117 

(0.080) 

number of friends going to PSE 
1.212 

(0.044)*** 
1.212 

(0.044)*** 
1.213 

(0.071)** 

alcohol consumption (per month) 
1.160 

(0.039)*** 
1.171 

(0.051)*** 
1.149 

(0.063)* 

misbehaviour index 
0.817 

(0.074)* 
0.790 

(0.082)* 
0.882 

(0.117) 

self-reported skill with computers 
2.235 

(0.129)*** 
2.253 

(0.131)*** 
2.144 

(0.177)*** 

self-reported skill in writing 
0.871 

(0.031)*** 
0.939 

(0.034) 
0.767 

(0.059)** 

self-reported skill in mathematics 
1.373 

(0.051)*** 
1.354 

(0.052)*** 
1.434 

(0.075)*** 

constant 
6.99E-11 

(2.06E-10)*** 
2.75E-10 

(8.41E-10)*** 
1.11E-11 

(3.42E-11)*** 

Health    

wage 
0.976 

(0.051) 
0.913 

(0.071) 
1.003 

(0.050) 

unemployment 
0.536 

(0.056)*** 
0.453 

(0.089)*** 
0.566 

(0.050)*** 
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male status 
0.184 

(0.021)*** 
- - 

immigration status 
0.779 

(0.089)* 
0.720 

(0.194) 
0.814 

(0.120) 

visible minority 
1.196 

(0.134) 
2.049 

(0.347)*** 
0.964 

(0.131) 

Atlantic province status 
0.999 

(0.009) 
1.009 

(0.020) 
0.995 

(0.009) 

Quebec province status 
1.061 

(0.025)* 
1.096 

(0.034)** 
1.042 

(0.025) 

Ontario province status 
0.967 

(0.024) 
0.873 

(0.034)*** 
0.983 

(0.033) 

Prairies province status 
16.901 

(17.265)** 
42.927 

(56.163)** 
12.538 

(11.164)** 

parental occupation 
8.363 

(4.809)*** 
25.751 

(18.638)*** 
6.325 

(3.220)*** 

parental education 
0.181 

(0.149)* 
0.262 

(0.259) 
0.162 

(0.117)* 

siblings 
0.082 

(0.063)** 
0.116 

(0.115)* 
0.081 

(0.055)*** 

income (in 1000$) 
1.045 

(0.008)*** 
1.033 

(0.007)*** 
1.089 

(0.014)*** 

low income status 
1.912 

(0.276)*** 
2.276 

(0.454)*** 
3.002 

(0.391)*** 

high income status 
0.180 

(0.044)*** 
0.310 

(0.099)*** 
0.096 

(0.029)*** 

number of dependent children 
0.731 

(0.092)* 
0.330 

(0.111)** 
0.679 

(0.079)** 

age group 
2.112 

(0.312)*** 
2.103 

(0.308)*** 
2.056 

(0.342)*** 

HS level of math 
1.854 

(0.187)*** 
2.039 

(0.302)*** 
1.829 

(0.195)*** 

HS level of language 
1.268 

(0.163) 
1.489 

(0.231)* 
1.262 

(0.188) 

HS math grade average 
1.005 

(0.003) 
0.997 

(0.007) 
1.010 

(0.004)* 

HS language grade average 
1.016 

(0.003)*** 
1.031 

(0.008)*** 
1.008 

(0.004)* 

HS overall grade average 
1.033 

(0.007)*** 
1.063 

(0.011)*** 
1.027 

(0.008)** 

school activities participation index  
1.219 

(0.045)*** 
1.425 

(0.067)*** 
1.209 

(0.056)*** 

number of friends going to PSE 
1.220 

(0.052)*** 
1.271 

(0.074)*** 
1.222 

(0.059)*** 

alcohol consumption (per month) 
1.200 

(0.043)*** 
1.261 

(0.079)*** 
1.193 

(0.054)*** 

misbehaviour index 
0.731 

(0.044)*** 
0.661 

(0.066)*** 
0.760 

(0.054)*** 
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self-reported skill with computers 
1.151 

(0.047)** 
1.080 

(0.079) 
1.117 

(0.051)* 

self-reported skill in writing 
1.134 

(0.032)*** 
1.343 

(0.092)*** 
1.022 

(0.040) 

self-reported skill in mathematics 
1.003 

(0.036) 
1.082 

(0.087) 
0.990 

(0.045) 

constant 
5.65E-07 

(1.92E-06)*** 
4.21E-10 

(1.90E-09)*** 
6.52E-07 

(2.35E-06)*** 

Production    

wage 
1.111 

(0.024)*** 
1.101 

(0.023)*** 
1.169 

(0.035)*** 

unemployment 
0.770 

(0.051)*** 
0.751 

(0.057)*** 
0.816 

(0.039)*** 

male status 
5.412 

(0.829)*** 
- - 

immigration status 
0.830 

(0.160) 
0.756 

(0.155) 
1.252 

(0.485) 

visible minority 
0.683 

(0.082)** 
0.625 

(0.112)** 
0.886 

(0.446) 

Atlantic province status 
0.989 

(0.006) 
0.985 

(0.006)*** 
1.040 

(0.019)* 

Quebec province status 
1.047 

(0.022)* 
1.038 

(0.023) 
1.177 

(0.041)*** 

Ontario province status 
0.926 

(0.019)*** 
0.931 

(0.023)** 
0.902 

(0.063) 

Prairies province status 
6.071 

(5.064)* 
7.172 

(6.284)* 
3.541 

(2.970) 

parental occupation 
3.225 

(1.741)* 
2.919 

(1.692) 
16.061 

(10.404)*** 

parental education 
0.346 

(0.237) 
0.344 

(0.246) 
0.237 

(0.177) 

siblings 
0.241 

(0.164)* 
0.212 

(0.152)* 
0.364 

(0.258) 

income (in 1000$) 
1.024 

(0.006)*** 
1.018 

(0.005)** 
1.059 

(0.017)*** 

low income status 
1.186 

(0.136) 
1.134 

(0.158) 
1.789 

(0.324)** 

high income status 
0.569 

(0.108)** 
0.658 

(0.112)* 
0.269 

(0.185) 

number of dependent children 
0.761 

(0.055)*** 
0.793 

(0.077)* 
0.533 

(0.144)* 

age group 
1.498 

(0.170)*** 
1.509 

(0.160)*** 
1.525 

(0.266)* 

HS level of math 
1.433 

(0.123)*** 
1.371 

(0.119)*** 
2.656 

(0.475)*** 

HS level of language 
1.208 

(0.124) 
1.206 

(0.124) 
1.502 

(0.278)* 
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HS math grade average 
0.990 

(0.003)** 
0.987 

(0.003)*** 
0.994 

(0.006) 

HS language grade average 
0.993 

(0.003)* 
0.993 

(0.003)* 
0.996 

(0.010) 

HS overall grade average 
1.014 

(0.005)** 
1.015 

(0.004)*** 
1.005 

(0.013) 

school activities participation index  
1.025 

(0.050) 
1.002 

(0.051) 
1.139 

(0.118) 

number of friends going to PSE 
1.176 

(0.038)*** 
1.163 

(0.041)*** 
1.354 

(0.160)* 

alcohol consumption (per month) 
1.204 

(0.050)*** 
1.182 

(0.049)*** 
1.562 

(0.178)*** 

misbehaviour index 
0.819 

(0.047)** 
0.835 

(0.049)** 
0.483 

(0.092)*** 

self-reported skill with computers 
1.018 

(0.028) 
0.970 

(0.028) 
1.608 

(0.121)*** 

self-reported skill in writing 
0.917 

(0.032)*** 
0.936 

(0.034) 
0.974 

(0.074) 

self-reported skill in mathematics 
1.300 

(0.034)*** 
1.303 

(0.032)*** 
1.311 

(0.128)** 

constant 
1.84E-05 

(3.71E-05)*** 
0.0004 

(0.0008)*** 
4.69E-12 

(1.55E-11)*** 

Agriculture & primary sector    

wage 
1.022 

(0.041) 
1.002 

(0.032) 
1.048 

(0.056) 

unemployment 
0.707 

(0.047)*** 
0.695 

(0.054)*** 
0.726 

(0.043)*** 

male status 
0.663 

(0.050)*** 
- - 

immigration status 
0.503 

(0.130)** 
0.167 

(0.081)*** 
0.909 

(0.272) 

visible minority 
0.612 

(0.116)* 
0.770 

(0.123) 
0.463 

(0.147)* 

Atlantic province status 
0.996 

(0.006) 
1.004 

(0.011) 
0.989 

(0.010) 

Quebec province status 
1.134 

(0.017)*** 
1.127 

(0.027)*** 
1.139 

(0.017)*** 

Ontario province status 
0.941 

(0.026)* 
0.931 

(0.041) 
0.947 

(0.033) 

Prairies province status 
3.727 

(3.262) 
4.680 

(4.368) 
2.823 

(2.226) 

parental occupation 
4.715 

(2.257)** 
3.338 

(1.492)** 
6.561 

(3.416)*** 

parental education 
0.180 

(0.134)* 
0.185 

(0.144)* 
0.162 

(0.116)* 

siblings 
0.150 

(0.099)** 
0.154 

(0.108)** 
0.152 

(0.096)** 



52 
 

income (in 1000$) 
1.017 

(0.008)* 
1.004 

(0.007) 
1.048 

(0.011)*** 

low income status 
1.474 

(0.183)** 
1.305 

(0.195) 
2.035 

(0.252)*** 

high income status 
0.351 

(0.075)*** 
0.431 

(0.130)** 
0.280 

(0.082)*** 

number of dependent children 
0.382 

(0.055)*** 
0.689 

(0.121)* 
0.243 

(0.050)*** 

age group 
1.780 

(0.275)*** 
1.873 

(0.235)*** 
1.693 

(0.337)** 

HS level of math 
1.932 

(0.150)*** 
1.861 

(0.234)*** 
1.988 

(0.246)*** 

HS level of language 
1.644 

(0.167)*** 
1.375 

(0.162)** 
2.094 

(0.248)*** 

HS math grade average 
0.998 

(0.003) 
0.991 

(0.004)* 
1.004 

(0.004) 

HS language grade average 
1.000 

(0.003) 
1.002 

(0.006) 
0.996 

(0.004) 

HS overall grade average 
1.035 

(0.007)*** 
1.045 

(0.008)*** 
1.030 

(0.009)*** 

school activities participation index  
1.722 

(0.110)*** 
1.802 

(0.140)*** 
1.666 

(0.118)*** 

number of friends going to PSE 
1.170 

(0.052)*** 
1.203 

(0.071)** 
1.148 

(0.064)* 

alcohol consumption (per month) 
1.445 

(0.067)*** 
1.499 

(0.088)*** 
1.406 

(0.068)*** 

misbehaviour index 
0.626 

(0.047)*** 
0.636 

(0.055)*** 
0.610 

(0.057)*** 

self-reported skill with computers 
1.218 

(0.050)*** 
1.180 

(0.047)*** 
1.262 

(0.067)*** 

self-reported skill in writing 
1.016 

(0.042) 
1.055 

(0.066) 
0.970 

(0.046) 

self-reported skill in mathematics 
1.047 

(0.031) 
0.990 

(0.042) 
1.102 

(0.045)* 

constant 
2.33E-09 

(6.30E-09)*** 
2.16E-08 

(5.31E-08)*** 
5.34E-11 

(1.89E-10)*** 

Services    

wage 
0.956 

(0.047) 
0.948 

(0.046) 
0.974 

(0.050) 

unemployment 
0.603 

(0.048)*** 
0.581 

(0.051)*** 
0.632 

(0.048)*** 

male status 
0.849 

(0.123) 
- - 

immigration status 
0.675 

(0.128)* 
0.678 

(0.147) 
0.641 

(0.202) 

visible minority 
0.914 

(0.167) 
0.956 

(0.219) 
0.855 

(0.222) 
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Atlantic province status 
0.999 

(0.011) 
0.986 

(0.018) 
1.008 

(0.015) 

Quebec province status 
1.012 

(0.020) 
1.064 

(0.030)* 
0.962 

(0.022) 

Ontario province status 
0.940 

(0.021)** 
0.992 

(0.031) 
0.895 

(0.031)** 

Prairies province status 
10.251 

(8.637)** 
11.243 

(11.324)* 
9.444 

(6.740)** 

parental occupation 
5.054 

(2.706)** 
5.839 

(3.847)** 
4.547 

(2.276)** 

parental education 
0.343 

(0.236) 
0.387 

(0.322) 
0.317 

(0.191) 

siblings 
0.093 

(0.060)*** 
0.070 

(0.059)** 
0.131 

(0.070)*** 

income (in 1000$) 
1.005 

(0.009) 
1.001 

(0.010) 
1.024 

(0.013) 

low income status 
1.055 

(0.167) 
0.852 

(0.163) 
1.445 

(0.244)* 

high income status 
0.569 

(0.192) 
0.527 

(0.190) 
0.657 

(0.295) 

number of dependent children 
0.626 

(0.082)*** 
0.846 

(0.142) 
0.495 

(0.085)*** 

age group 
1.839 

(0.291)*** 
1.889 

(0.293)*** 
1.742 

(0.295)** 

HS level of math 
1.207 

(0.143) 
1.387 

(0.227)* 
1.063 

(0.112) 

HS level of language 
1.384 

(0.224)* 
1.297 

(0.170)* 
1.457 

(0.314) 

HS math grade average 
0.999 

(0.005) 
0.993 

(0.006) 
1.003 

(0.005) 

HS language grade average 
1.003 

(0.006) 
1.016 

(0.007)* 
0.990 

(0.007) 

HS overall grade average 
1.013 

(0.007) 
1.008 

(0.009) 
1.021 

(0.009)* 

school activities participation index  
1.366 

(0.067)*** 
1.642 

(0.127)*** 
1.212 

(0.069)** 

number of friends going to PSE 
1.158 

(0.052)** 
1.257 

(0.083)** 
1.101 

(0.071) 

alcohol consumption (per month) 
1.216 

(0.054)*** 
1.231 

(0.069)*** 
1.216 

(0.072)** 

misbehaviour index 
0.795 

(0.057)** 
0.728 

(0.066)*** 
0.872 

(0.078) 

self-reported skill with computers 
0.987 

(0.043) 
0.960 

(0.042) 
0.979 

(0.067) 

self-reported skill in writing 
1.179 

(0.058)** 
1.339 

(0.067)*** 
1.028 

(0.075) 

self-reported skill in mathematics 
0.860 

(0.032)*** 
0.848 

(0.042)** 
0.879 

(0.039)** 
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constant 
0.001 

(0.003) 
0.0001 

(0.0005)* 
0.003 

(0.011) 

Dropout of PSE    

wage 
0.833 

(0.027)*** 
0.838 

(0.023)*** 
0.829 

(0.033)*** 

unemployment 
0.565 

(0.028)*** 
0.554 

(0.032)*** 
0.573 

(0.027)*** 

male status 
1.043 

(0.027) 
- - 

immigration status 
0.913 

(0.063) 
0.948 

(0.104) 
0.826 

(0.153) 

visible minority 
0.909 

(0.077) 
0.845 

(0.076) 
1.047 

(0.123) 

Atlantic province status 
0.991 

(0.003)** 
0.992 

(0.004) 
0.989 

(0.007) 

Quebec province status 
1.047 

(0.013)*** 
1.071 

(0.019)*** 
1.013 

(0.012) 

Ontario province status 
0.999 

(0.009) 
1.007 

(0.021) 
0.989 

(0.016) 

Prairies province status 
10.415 

(8.967)** 
13.787 

(12.361)** 
8.340 

(6.953)*** 

parental occupation 
7.774 

(4.087)*** 
9.146 

(5.037)*** 
6.774 

(3.483)*** 

parental education 
0.134 

(0.095)** 
0.150 

(0.110)** 
0.120 

(0.083)** 

siblings 
0.059 

(0.036)*** 
0.060 

(0.039)*** 
0.058 

(0.035)*** 

income (in 1000$) 
1.036 

(0.008)*** 
1.030 

(0.007)*** 
1.061 

(0.013)*** 

low income status 
1.181 

(0.125) 
1.054 

(0.131) 
1.548 

(0.179)*** 

high income status 
0.308 

(0.057)*** 
0.343 

(0.066)*** 
0.314 

(0.076)*** 

number of dependent children 
1.091 

(0.064) 
0.871 

(0.063) 
1.172 

(0.075)* 

age group 
2.088 

(0.215)*** 
2.111 

(0.195)*** 
2.062 

(0.256)*** 

HS level of math 
1.347 

(0.074)*** 
1.351 

(0.078)*** 
1.332 

(0.085)*** 

HS level of language 
1.510 

(0.171)*** 
1.453 

(0.150)*** 
1.592 

(0.212)*** 

HS math grade average 
0.996 

(0.001)** 
0.993 

(0.002)*** 
1.000 

(0.002) 

HS language grade average 
1.011 

(0.002)*** 
1.015 

(0.003)*** 
1.006 

(0.004) 

HS overall grade average 
1.010 

(0.005)* 
1.010 

(0.006) 
1.012 

(0.004)** 
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school activities participation index  
1.048 

(0.030) 
1.021 

(0.026) 
1.107 

(0.049)* 

number of friends going to PSE 
1.143 

(0.022)*** 
1.127 

(0.034)*** 
1.167 

(0.032)*** 

alcohol consumption (per month) 
1.021 

(0.023) 
1.034 

(0.029) 
1.021 

(0.035) 

misbehaviour index 
1.046 

(0.037) 
0.997 

(0.051) 
1.102 

(0.049) 

self-reported skill with computers 
1.300 

(0.033)*** 
1.290 

(0.033)*** 
1.259 

(0.052)*** 

self-reported skill in writing 
1.074 

(0.024)** 
1.123 

(0.029)*** 
1.016 

(0.039) 

self-reported skill in mathematics 
0.961 

(0.018)* 
1.019 

(0.017) 
0.899 

(0.032)** 

constant 
0.001 

(0.003)** 
0.002 

(0.005)** 
0.001 

(0.002)** 

Without  PSE Base outcome  

Log likelihood -474603.5 -237553.3 -231761.0 

Number of iterations 6 6 6 

Pseudo R2 0.278 0.278 0.259 

Number of Obs. 420154 230285 189869 

Note: ***, **, * respectively denote statistically different from zero at the 0.1%, 1% and 5% confidence levels; 
robust standard errors in parentheses. 
Presenting relative risk ratios (rrr) of the multinomial logit specification (see equation 4.5). Dependant variable is 
field of study chosen between 12 categories. Individual who didn’t fit those categories were excluded. Using 
“Without PSE” as the base outcome. Observations are frequency weighted by the number of individual 
contributing to each field of study’s category and clustered over cycle and region. 
Source: Statistics Canada YITS-B (1999-2007) for most variables. Using regional hourly wage and unemployment 
rate from Statistics Canada CANSIM at time of high school graduation on selected fields of post-secondary 
education. Possible regions are: Atlantic Provinces, Quebec, Ontario, Prairies Provinces and British Columbia. 
Evaluated over 5 cycles. 
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TABLE 4: Mixed logit model of the of college major choice decision equation on selected fields of 
study with labour market variables, for cycle 2 respondents of the YITS-B (2000-2001) 

Variables Parameter Value 
Robust 

Standard Error 

Hourly wage    

 Mean of coefficient -0.158 0.021*** 

 Standard deviation of coefficient 0.202 0.017*** 

Unemployment rate    

 Mean of coefficient 0.372 0.040*** 

 Standard deviation of coefficient 0.473 0.035*** 

Log likelihood  -232131.05 

Number of iterations  6 

Number of Obs.  1594334 

Note: ***, **, * respectively denote statistical significance at the 0.1%, 1% and 5% confidence levels; Presenting 

mean and standard deviations of coefficients (betas) of the mixed logit specification (see equations 4.9 a) & b)). 

Dependent variable is a dummy variable that indicates if the field of study was chosen during cycle 2 from Statistics 

Canada YITS-B (2002). Observations are shaped in wide format over field of study. Independent variables are 

hourly wages and unemployment rates high school graduation on selected fields of post-secondary education from 

Statistics Canada CANSIM database (see section 3 for list). Observations are frequency weighted by the number of 

individual contributing to each field of study’s category and clustered over cycle and region. 

Source: Statistics Canada YITS-B (1999-2007) & CANSIM database (1991-2007) 


