
 

Canadian Labour Market 
and Skills Researcher 

Network 
 

 

Working Paper No. 154 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

CLSRN is funded by the Social Sciences and Humanities Research Council of Canada (SSHRC) 
under its Strategic Knowledge Clusters Program. Research activities of CLSRN are carried out 
with support of Human Resources and Skills Development Canada (HRSDC). All opinions are 

those of the authors and do not reflect the views of HRSDC or the SSHRC. 

 
The Cost of Vertical Mismatch in Canadian 

Labour Markets: How Big is It? 
 
 
 
 
 
 
 

Yigit Aydede 
Saint Mary’s University 

 
Atul A. Dar 

Saint Mary’s University 
 
 
 
 
 
 
 

 
July 2015 
 
 
 



The Cost of Vertical Mismatch in Canadian Labour Markets: How Big is It?   
 

Yigit Aydede and Atul A. Dar 
Department of Economics 

Saint Mary’s University - Canada 
 

Work-in-progress 

Abstract 

Inappropriate matches between workers and jobs in terms of education cause a surplus or deficit in 
schooling.  One measure that allows us to quantify this mismatch is based on how much worker 
education levels deviate from the level required in their occupation. If workers are substantially 
overeducated, in that their actual education exceeds the required level of education, this implies 
underutilization in labour markets, a phenomenon that has been referred to, in the literature, as the 
“great training robbery”.  A deficit in schooling, on the other hand, means a loss in productivity for 
firms and the economy as a whole.  A second measure is a possible mismatch between workers’ field 
of study and that required in their occupation.  The aim of this study is to understand the importance of 
these issues for the Canadian economy by analyzing the economic costs of educational mismatch. We 
explore both dimensions of the mismatch in Canada by using the 20 percent sample of the 2001 
Census. Our results indicate that, although the annual cost of underutilization and productivity loss in 
Canada due to educational mismatch is not as sizeable as envisioned in policy circles, it is large 
enough to warrant further investigation.   
 
JEL Classification: J6, J15, J61 
 
Keywords: Educational mismatch, relatedness, field of study, underutilization 
 
Recent studies in Europe and the U.S. indicate a significant educational mismatch problem in the 
labour force, which is conceptually different from short-term cyclical underemployment.  In a study of 
university graduates in Canada between 1993 and 2001, using data from the Survey of Labour and 
Income Dynamics, Li et al. (2006) found that those who were chronically or always overqualified 
(overeducated), accounted for about 50 percent of the ever-overqualified population.  The fact that 
more than 50 percent of workers have either an educational deficit or surplus is also recognized by the 
ILO and OECD as one of the major labour market issues of the day (Quintini, 2011). Regardless of the 
type of education mismatch (and the reason of it), the consequences for economic efficiency, growth 
and competitiveness can be significant. It not only leads to long-term structural unemployment, but 
also to substantial underutilization of human capital and productivity losses in the whole economy. 

There is a fairly large literature that analyzes the effects of education mismatch on the returns to 
education. Typically, this is done by estimating a Mincer wage function by including variables that 
measure educational mismatch. However, educational mismatch is not limited to surplus or deficit 
schooling in labour markets. There are several interrelated concepts that could be used to define a 
vertical mismatch: over- undereducation measured by years of schooling, the “relatedness” of 
workers’ field of study in their occupations, and the match between workers’ abilities, which may 
range from “oral comprehension” to “arm-hand steadiness”, and what their occupations require.1 
Although the vertical mismatch in any one or more of these different dimensions has important 
consequences in labour markets, it is in general, difficult to quantify.  One difficulty, for example, is 
determining the level of schooling, field of study, or a set of skills that are required by different 
occupations, which can then be compared with what workers possess.  But even if the required 
educational or skill quality is determined, a pertinent question that must be considered is whether such 
mismatches are persistent. If mismatches are transitory rather than structural, the underutilization cost 
and the productivity loss would be temporary phenomena, and unless these costs are high in a relative 

                                                
1 For example, O*NET, Occupational Information Network, was initiated by Department of Labor in the US to facilitate the 
skill match between occupations and workers in North America.  
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sense, the issue would not be of much interest to researchers and policy makers alike.2 Another 
potential concern is that unobserved ability could lead to biased estimators of the relevant parameters 
in the wage function, if over-schooling helps workers offset their lower ability. As noted by Leuven 
and Oosterbeek (2011), despite progress, the econometric challenges that arise in this context remain 
and have not been fully dealt with thus far.  In spite of these major challenges, the need to quantify the 
vertical mismatch and its cost is compelling, and the issue still appeals to many researchers and is of 
interest to policy makers. As well, estimates of the costs of mismatch can be informative, even if they 
are not precise, in that they provide us with an idea of the broad orders of magnitude involved. 

This paper is the first part of a project that investigates the labour market implications of 
vertical mismatch and its persistency and state dependency on a variety of data sets in Canada: 
censuses from 1996 to 2006, labour force surveys from 2001 to 2014, and the 2011 Survey of Labour 
and Income Dynamics. In this paper, our aim is to accomplish two simple but necessary initial tasks 
that have not been attempted before: to provide a quantitative mapping of the incidence of educational 
mismatch by using measures of both schooling years and fields of study; second, to assess the 
associated costs of underutilization and productivity loss in Canada that would result thereof. There 
are several aspects of this paper that make it a unique contribution in the Canadian context: (1) its use 
of the 20 percent sample of the 2001 Census to map the incidence of vertical mismatch quantitatively 
(schooling years) and qualitatively (field of study). The size of the sample, which contains more than 
1.3 million civilian and full-time wage earners, is rich in detail and this gives us the ability to 
investigate matching at a detailed, micro level, involving about 520 occupations and 445 major fields 
of study; (2) we develop (and use) a proxy that identifies whether the worker is a delayed degree 
holder or a dropout to control for unobserved ability; (3) we develop an index that measures the degree 
of “relatedness” of the worker’s field of study in his occupation; (4) we apply commonly-used 
empirical models, but also control for “relatedness” in estimating the economic returns of under- or 
overeducation; (5) we identify each worker’s skill level based on recommended skill requirements for 
each occupation obtained from Occupational Information Network (O*NET); (6) finally, we propose a 
method for approximating the underutilization cost and productivity loss resulting from mismatch. 

This study is organized as follows: Section 1 summarizes previous research; Section 2 
introduces the data and contains a descriptive analysis. Econometric results and a discussion of our 
findings are given in Section 3. Section 4 presents the conclusions. 
 
1  Previous Research 
 
There are two major methods used to define vertical mismatch by comparing schooling years.  The 
first, introduced by Duncan and Hoffman (1981) – henceforth DH – defines a worker’s attained 
education as the sum of schooling years in required education (RE) and overeducation (OE) or 
undereducation (UE). Each appears as a separate variable in the wage equation. The second method, 
introduced by Verdugo and Verdugo (1989) – henceforth VV – adopts a different approach. Unlike 
DH, VV include the actual level education in their wage equation, and control for worker over- or 
undereducation through two dummy variables, equal to one if completed schooling years deviate at 
least one standard deviation from required schooling years. Since the DH and VV papers, there has 
been a growing body of research on how these separate measures of education affect wages using 
different data sets from different countries. One important issue in this literature (sometimes referred 
to as the ORU literature - Over-education/Required education/Under-education) is on how to 
determine the required level of education for each occupation. There are three main methods that have 
been proposed: the Realized Matches (RM), the Worker Self-Assessment (WSA), and the Job 
Analysis (JA) methods. The RM method uses the mean or mode of completed schooling years of 
worker as the level of required education for a certain occupation, and thus reflects the actual pattern 
of labour demand and labour supply. In the WSA method, workers provide their own assessment of 
the education level required by in their jobs, thereby introducing subjectivity bias; for instance, 
respondents may show a propensity to overstate the required level of schooling for their job. Finally, 

                                                
2 For example, Li et al (2006) found that, although the share of the seldom-overqualified university graduates is 66% in the 
ever-overqualified population, they accounted for a disproportionately lower share of time spent in over-qualification in 
Canada.   
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the JA method uses information provided by occupational experts, such as that contained in special 
occupational classifications such as O*NET.  

Hartog (2000) and Leuven and Oosterbeek (2011) compared the results of a wide range of 
studies using one or the other of these three methods, and concluded that the effects of over- 
undereducation mismatches on earnings do not depend on which method is used to measure required 
education. Chiswick and Miller (2009) also compared the RM and WSA methods in their study of 
male native and foreign-born workers in the US, and reached the same conclusion. The empirical 
results in this literature are, in general, in agreement with prior expectations about the effects of 
mismatch on wages. For example, studies using the DH method find that returns to undereducation are 
negative, whereas returns to overeducation are positive but lower than the returns to required 
education.3  

As noted by Leuven and Oosterbeek (2011), the main econometric challenge in this literature is 
estimator bias resulting from unobserved heterogeneity (e.g. ability), possible measurement errors in 
required education, and the endogeneity of the education variables in Mincer-type wage equations. 
Most recent studies show that measurement error in RE may not be a fundamental problem since the 
results are not very sensitive to different methods of calculating RE. In a recent study, Lemieux (2015) 
examines the overall endogeneity problem of education in wage equations, and finds that the bias in 
OLS estimators to be small. Uncontrolled heterogeneity in workers’ ability, however, still remains to 
be the main econometric challenge in ORU models.  It is argued that a worker’s lack of ability may 
lead to her overeducation. Several methods have been applied in the literature to address this problem: 
(1) the use of unique datasets based on micro surveys that have explicit questions that help identify 
whether the worker’s ability matches the required level of skills in his occupation; (2) developing 
proxies for “ability” that capture workers’ unobserved skill levels and how well these match workers’ 
jobs, using large datasets; (3) implementing special econometric approaches that directly deal with 
unobserved individual heterogeneity, such as propensity score matching and fixed-effects models 
(Joona et al., 2014). 

Most studies, especially those that adopt the DH model in the ORU literature, consider the 
quantity of schooling to determine the amount of surplus or deficit in education. This approach 
assumes that more years of education is better.  It overlooks the fact that if some workers spend more 
years to complete the same degree, this might simply reflect the lower ability of these individuals.  
Although the VV model could overcome this problem by using educational degrees instead of 
schooling years, both the DH and VV models use the “quantity” of schooling rather than the “type” of 
education to identify the mismatch.   

Robst (2007) was the first major study to investigate the relationship between workers’ field of 
study and their occupation, and how the degree of “relatedness” between the two affects wages in the 
U.S.  He used a question in the 1993 National Survey of College Graduates (NSCG) that asks how the 
respondents’ field of study is related to their current occupation. He controlled for “relatedness” by 
using the answer to construct a binary variable equal to one if the survey answer is either “related” or 
“somewhat related” and zero otherwise. The Robst paper along with a number of recent studies, such 
as Nordin et al. (2010) and Yuen (2010), show that workers tend to earn higher wages when they work 
in an occupation that is closely related to their field of study.  

There are a few recent studies that look at the vertical mismatch in Canada.  In an earlier study, 
Frenette (2003) investigated the incidence, persistence, and economic returns to over-qualification by 
field of study for Canadian post-secondary graduates. He used the National Graduates Surveys, in 
which each graduate of the 1982, 1986, and 1990 cohorts is interviewed two times in the following 
five years.  He found that the negative and strong earning effect of overeducation dissipates after 
accounting for unobserved heterogeneity.   In a recent study, Summerfield (2014) investigates how 
economic downturns affect job match quality.  He uses O*NET and the Labour Force Surveys from 
1997 to 2012 to estimate the effect of cyclicality in skill requirements on the incidence of 
overeducation, and finds that most of the overeducation incidents result from that cyclicality, rather 
than economic downturns.  He uses the JA method to determine the required level of education based 
on O*NET data, which is then used to identify the overeducated.   He applies the VV method to assess 
the wage outcomes of the overeducated and finds that the overall wage penalty is 19 percent. 

                                                
3 See Leuven and Oosterbeek (2011) for the latest literature review on the subject. 
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In another recent paper, Lemieux (2015) looks at occupation, field of study, and their effect on 
the returns to education.4  He identifies three channels through which education affects wage 
outcomes: first, a higher overall “quantity” of education makes workers more productive; second, a 
higher degree helps workers get into higher-paying occupations; third, the skills acquired in a given 
field of study become more valuable in jobs that are a good match for their education program.  He 
uses both publicly available 2006 census and 2005 National Graduate Survey files and controls for 
“relatedness” through a binary variable based on 90 field-of-study and nine occupation categories with 
about 10 thousand observations.  He finds that educational degrees and relatedness (job match) explain 
close to half of the conventional measured return to education.            

 
2 Data and educational mismatch 
 
This study uses the 2001 census because information on the years spent in education is not available in 
the 2006 Census.  We accessed the 20 percent sample of micro-data through the Atlantic Research 
Data Centre of Statistics Canada, and from this data, a sub-sample was created that includes only non-
aboriginal, civilian, full-time wage earners between 19 and 65 years of age, who worked in 2000 and 
did not attend school at the time. We also dropped medical degree holders. After these restrictions, we 
obtained about 1.4 million observations.  In order to control for the skill requirements of each 
occupation, we also used O*NET Version 19.0.  The purpose of the O*NET database is to attribute 
several characteristics to each occupation in North America.  We used the “Ability” file under 
“Worker Characteristics,” which contains 52 distinct ability requirements for each of more than 1000 
occupations classified under the Standard Occupation Classification System (SOC).  In order to merge 
them with our census sample, we used a concordance table provided by Statistics Canada. To use the 
extensive information available on occupation-specific skills, we used factor analysis to obtain five 
factor loadings out of the 52 skill requirements.5   
 
2.1  Mismatch by degrees 
The required level of education (RE) in each occupation was obtained through the RM method, with 
the modal values of both years in schooling and degrees for each occupation being taken to represent 
RE. While this measure reflects existing demand and supply conditions in the labor market, its use can 
be justified on the grounds that the only objective criteria for determining the “required” level of 
education by skill levels are revealed by the labour markets. In the literature, skill groups are identified 
by occupation categories.  In our sample, these categories are represented by more than 520 different 
levels, as identified by the National Occupational Classification for Statistics (NOCS -2001). We use 
the information about education contained in the 2001 census to develop two measures of schooling:  
the highest degree, certificate or diploma obtained, and the total years of schooling.  Using the former, 
we classified the highest degree obtained into eight groups: (1) no education, (2) less than high school, 
(3) high school certificate, (4) trades certificate or diploma, (5) college certificate or diploma, or 
university certificate or diploma below a bachelor’s degree, (6) a bachelor’s degree, (7) a master’s 
degree or university certificate or diploma above bachelor degree, and (8) a doctorate degree. Table 
1A reports the educational mismatch calculated based on the modal values of these degrees6.  
 The table reveals a number of interesting features. The overall educational mismatch ratio in 
Canadian labour markets is 59 percent, and almost 30 percent of college and university degree holders 
are overeducated and working in occupations that require high school (HS) or less than high 
school (LHS) degrees. As well, those who hold certificates above a bachelor’s or master’s degree 
have the highest mismatch ratio (83 percent).  Moreover, the highest mismatch ratio is observed in 
jobs that require a high school degree, and 53 percent of the labour force in those jobs is overeducated. 
                                                
4 The Presidential address delivered at the 2014 Annual Meetings of the Canadian Economic Association in Vancouver, BC. 
5 We used the same method as the one applied by Summerfield (2014).  We thank him for providing us the concordance 
tables and for his time in answering our questions.   
6 When the required level of education is calculated by average values of years, the distribution of educational mismatch 
across occupations cannot include matched-education.  One solution to this problem, as in Verdugo and Verdugo (1989), 
workers may be considered to have a matched-education if their actual education is within the one standard deviation around 
the mean level of schooling years required by their respective occupation.  Since there is no rational behind the choice of one 
standard deviation, Kiker et al. (1997) suggest using the modal value instead of the mean level of schooling years. 
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Table 1A: Incidence of educational mismatch by degrees  -  2001 (weighted) 
Attained Required Degree by Occupation 
Degree LHS HS Trades College+ Bachelor +Master PhD Total MMR 
No Education 14,240 3,780 1,755 980 175 15 10 20,955 100% 

Less than HS 628,500 395,565 106,230 116,820 24,810 2,020 260 1,274,205 51% 

High School 450,950 694,315 105,130 285,545 87,600 7,535 845 1,631,920 57% 

Trades 206,965 217,215 302,255 182,660 39,200 5,075 355 953,725 68% 

College + BB 130,105 394,290 97,165 499,865 169,575 20,555 2,050 1,313,605 62% 

Bachelor 30,610 159,865 7,620 169,770 402,905 34,115 3,280 808,165 50% 

AB + Master 8,005 35,665 2,410 50,435 191,320 60,075 7,395 355,305 83% 

Doctorate 365 1,465 155 3,390 13,035 9,625 27,020 55,055 51% 
Total  1,469,740   1,902,160   622,720   1,309,465   928,620   139,015   41,215   6,412,935   
Mismatch Ratio  57% 63% 51% 62% 57% 57% 34% 59%  
Notes: (1) Numbers bold and underlined reflect educational match. (2) Numbers reflect the population values calculated by 
survey weights. (3) LHS, HS, BB, AB, MMR denote less than high school, high school, below bachelor, above bachelor and, 
mismatch ratio, respectively. (4) The numbers are rounded to 0 and 5 as required by Statistics Canada.   
 
Table 1B: Distribution of educational mismatch by degrees  -  2001 (weighted) 
Attained Required Degree by Occupation 
Degree LHS HS Trades College+ Bachelor +Master PhD Total 
 % Vertical Distribution 
No Education 0.97 0.20 0.28 0.07 0.02 0.01 0.02 0.33 
Less than HS 42.76 20.80 17.06 8.92 2.67 1.45 0.63 19.87 
High School 30.68 36.50 16.88 21.81 9.43 5.42 2.05 25.45 
Trades 14.08 11.42 48.54 13.95 4.22 3.65 0.86 14.87 
College + BB 8.85 20.73 15.60 38.17 18.26 14.79 4.97 20.48 
Bachelor 2.08 8.40 1.22 12.96 43.39 24.54 7.96 12.60 
AB + Master 0.54 1.87 0.39 3.85 20.60 43.21 17.94 5.54 
Doctorate 0.02 0.08 0.02 0.26 1.40 6.92 65.56 0.86 
Total 22.92 29.66 9.71 20.42 14.48 2.17 0.64 100.00 
 % Horizontal Distribution 
No Education 67.96 18.04 8.38 4.68 0.84 0.07 0.05 100 
Less than HS 49.32 31.04 8.34 9.17 1.95 0.16 0.02 100 
High School 27.63 42.55 6.44 17.50 5.37 0.46 0.05 100 
Trades 21.70 22.78 31.69 19.15 4.11 0.53 0.04 100 
College + BB 9.90 30.02 7.40 38.05 12.91 1.56 0.16 100 
Bachelor 3.79 19.78 0.94 21.01 49.85 4.22 0.41 100 
AB + Master 2.25 10.04 0.68 14.19 53.85 16.91 2.08 100 
Doctorate 0.66 2.66 0.28 6.16 23.68 17.48 49.08 100 
Total 22.92 29.66 9.71 20.42 14.48 2.17 0.64 100 
Notes: (1) Numbers bold reflect educational match. (2) Numbers reflect the population values calculated by survey weights. 
(3) LHS, HS, BB and, AB denote less than high school, high school, below bachelor and, above bachelor, respectively. 
 
Table 1B gives the percentage distribution of workers in terms of their educational match. First, more 
than 50 percent (22.92 + 29.66) of labour demand is clustered around occupations that require HS or 
LHS education.  While 50 percent of bachelor degree holders work in matching jobs, only 16.9 
percent of those who hold certificates above the bachelor’s level or hold a master’s degree are 
matched.  
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2.2  Mismatch by relatedness 
The second dimension of vertical mismatch considered in this paper identifies whether a worker’s 
field of study is related to his occupation.  Most studies on the subject use surveys that contain 
questions explicitly aimed at extracting information on field of study-occupation matching or 
relatedness. Using survey answers to assess relatedness faces two main problems. First, the answers 
are most likely to be biased due to the subjectivity involved. Second, its effect on wages is modeled 
through a binary variable coded to represent “related” and “unrelated” workers. This involves some 
arbitrariness in the classification of workers in these two categories, especially since “relatedness” is 
perhaps more a matter of degree, than an all-or-none concept, and hence more appropriate for 
capturing the wage effects at varying levels of relatedness. Second, surveys such as the National 
Graduate Survey in Canada and the National Survey of College Graduates in the U.S. that include 
those questions are usually limited in size.  Hence, even producing descriptive analyses in order to 
understand the incidence of mismatch by occupation, region, degree, and field of study becomes a real 
challenge because of the aggregated classifications, especially in occupations. 

In this study, given the large sample at our disposal, we were able to create a continuous index 
that measures the relatedness of each worker’s field of study (FOS) in his occupation. We used 
frequency distributions of each of 445 fields of study in each of 520 occupations to develop our 
relatedness index. The following procedure was applied to create the index:  first, in each occupation, 
we identified the seven most observed fields of study in each occupation and assigned a number from 
1 to 7 to each worker depending on the order in which her field of study matches. If the worker’s field 
of study is not among the seven most observed in her occupation, we assigned a value of 8.  Second, 
for each occupation we looked at the distribution of the degree of relatedness.   

Table 2A is a snapshot of the first five occupations (1-5) with eight degrees of relatedness to 
occupation.  The last line in the table, for example, shows that there are 2355 workers in Occupation 5 
whose field of study is most observed in their occupation.   Moreover, there are 3000 workers in the 
same occupation (Occupation 5) whose field of study does not belong to any of the seven most 
observed fields of study.  The last column shows the “relatedness” ratio (RR) of each occupation.   

 
Table 2A: Degree of Relatedness by Occupation 

Occupation 
Degree of Relatedness*  

Total RR 1 2 3 4 5 6 7 8 
1 35 25 20 20 20 10 10 330 470 29.79 
2 550 475 410 190 155 135 130 3380 5425 37.70 
3 145 140 120 115 90 90 70 1530 2300 33.48 
4 390 305 280 115 100 60 55 3350 4655 28.03 
5 2355 510 400 340 150 115 90 3000 6960 56.90 

 * 1= most observed field of study in occupation, 2=second most observed field of study in occupation, and so on.      
  
 Although using the raw degrees of relatedness from 1 to 8 assigned to each worker gives a 
correct ranking of the relatedness in each occupation, these ranks are not comparable across 520 
occupations.  For example, while the numbers are very close for the workers with the first and second 
most related fields of study in Occupation 2 (550 and 475, respectively), the same numbers are very 
different in Occupation 5.  To make them comparable, we normalized the degrees of relatedness 
between 1 and 7, by expressing them relative to the number of workers who are in the most observed 
category (1) in each occupation. Table 2B shows the pattern of relatedness after this normalization. 
Now each worker has a continuous index number that shows the degree of relatedness relative to the 
most observed field of study in her occupation.  For example, the 90 workers, whose field of study is 
the seventh most observed in Occupation 5, are 52 percent less related to their occupation compared to 
workers with the most observed field of study in that occupation.  These normalized values reflect the 
overall frequency distribution unique to each occupation.  For example, 510 workers whose field of 
study is the second most observed in Occupation 5, now have a relatedness index value of 0.22, while 
workers whose field of study is also the second most observed in Occupation 3, have a corresponding 
value of 0.97, both of which are now comparable. 



 
 

7 

 
Table 2B: Degree of Relatedness by Occupation (Normalized)  

Occupation 
   Degree of Relatedness     

1 2 3 4 5 6 7 8 
1 1.00 0.71 0.57 0.57 0.57 0.29 0.29 0.00 
2 1.00 0.86 0.75 0.35 0.28 0.25 0.24 0.00 
3 1.00 0.97 0.83 0.79 0.62 0.62 0.48 0.00 
4 1.00 0.78 0.72 0.29 0.26 0.15 0.14 0.00 
5 1.00 0.22 0.17 0.14 0.06 0.05 0.04 0.00 

 
 In order to avoid arbitrary and varying cutoff points (0.48 in Occupation 3 and 0.04 in 
Occupation 5), the operation described above is adjusted by increasing the number of modal 
frequencies from 7 to the point that the frequency distribution of the last most observed field of study 
is 5 percent or less in each occupation.  Since information on the field of study is available only for 
workers with educational levels above high school, this type of vertical mismatch can only be 
measured for workers who hold degrees in trades or higher, and work in occupations that require more 
than high school education.7  Table 3 shows the distribution of workers in terms of their degree, the 
extent of relatedness of their field of study (in intervals of 20 percent), and their under- and 
overeducation status. It can be seen that the overall relatedness ratio is 77 percent, which is the percent 
of all workers whose field of study-occupation combination ranks them 0.01 or higher on the 
relatedness index.  While workers with a degree in trades have the highest relatedness ratio (81%), 
workers with a doctorate degree have the lowest (60%); as well, only 75 percent of bachelor degree 
holders work in related jobs, which is the second lowest ratio among all degrees.  As expected, 
matched workers have the highest relatedness ratio in all degrees, with the exception of PhD holders.  
Moreover, it seems that overeducation is negatively correlated with relatedness.  The gap between 
overeducated and matched bachelor degree holders in terms of relatedness (58% and 92%, 
respectively) is especially high relative to other degrees. 
 
Table 3: Distribution of educational mismatch by relatedness in 2001 – weighted  
  Degree of Relatedness   

Degree ORU 1.00-0.80 0.79-0.60 0.59-0.40 0.39-0.20 0.20-0.01 0 Total RR 

Trades All 259,860 25,244 18,730 39,070 107,300 106,675 556,879 0.81 

 OE 2,020 840 2,355 10,570 5,575 15,425 36,785 0.58 

 UE 55,055 4,950 10,580 18,460 47,350 66,860 203,255 0.67 

 M 202,785 19,454 5,795 10,040 54,375 24,390 316,839 0.92 

College + BB All 285,785 30,680 55,005 79,315 173,410 198,910 823,105 0.76 

 OE 76,255 11,415 10,605 24,360 49,725 62,795 235,155 0.73 

 UE 61,515 11,975 8,800 17,840 47,315 67,715 215,160 0.69 

 M 148,015 7,290 35,600 37,115 76,370 68,400 372,790 0.82 

Bachelor All 233,295 18,615 23,605 52,560 157,535 158,085 643,695 0.75 

 OE 19,880 5,955 8,845 19,495 45,605 71,630 171,410 0.58 

 UE 6,830 390 740 1,200 5,430 6,150 20,740 0.70 

 M 206,585 12,270 14,020 31,865 106,500 80,305 451,545 0.82 

AB + Master's All 133,105 10,645 10,215 25,105 72,385 75,095 326,550 0.77 

 OE 107,335 9,565 8,610 20,265 63,910 66,290 275,975 0.76 

                                                
7 Although workers who hold a degree with a FOS but working in occupations that do not require a degree with a FOS (high 
school or less) may be considered as being mismatched in terms of relatedness, we do not include them in Table 3.  For 
example, a university degree holder working in a job that requires only high school degree is not in Table 3. 



 
 

8 

 UE 3,320 900 775 1,660 1,560 4,875 13,090 0.63 

 M 22,450 180 830 3,180 6,915 3,930 37,485 0.90 

PhD All 9,985 5,305 5,095 5,640 7,595 21,985 55,605 0.60 

 OE 7,220 400 580 2,785 7,130 9,470 27,585 0.66 

 UE - - - - - - -  

 M 2,765 4,905 4,515 2,855 465 12,515 28,020 0.55 

Total All 922,030 90,489 112,650 201,690 518,225 560,750 2,405,834 0.77 

 OE 212,710 28,175 30,995 77,475 171,945 225,610 746,910 0.70 

 UE 126,720 18,215 20,895 39,160 101,655 145,600 452,245 0.68 

 M 582,600 44,099 60,760 85,055 244,625 189,540 1,206,679 0.84 
Notes: (1) RR shows the relatedness ratio, the number of workers whose relatedness degree higher than zero divided by the 
total.  (2) Numbers reflect the population values calculated by survey weights. (3) OE, UE, M, BB and, AB denote less 
overeducated, undereducated, matched, below bachelor and, above bachelor, respectively. (4) The numbers are rounded to 0 
and 5 as asked by Statistics Canada. 
 
 In the next two sections, we to models and methods that would allow us to approximate the 
magnitude of the cost associated with this vertical mismatch in Canadian labour markets.    
   
3 Statistical framework and estimation results 
 
3.1  ORU Models  
In general, as noted above, the wage effect of educational mismatch has been investigated using either 
the DH model or the VV model. The DH model decomposes the actual years of education (AE) as 
follows: 

AE  = RE +OE −UE,                                                  (1)  
 

where RE is the required years of schooling, OE is the years of overeducation, and UE is the years of 
undereducation. The following restrictions apply: 
 

OE  =
AE − RE,  if   AE > RE
0,    otherwise

⎧
⎨
⎩

,

UE  =
RE − AE,  if   AE < RE
0,    otherwise

⎧
⎨
⎩

.
 

 
Hence, OE and UE cannot both be positive, either one or both must be zero.  With this disaggregation, 
we estimate a human capital earning function (usually a Mincer-type equation) to identify market 
returns to RE, UE, and OE for different regions and population groups.  The earnings function can be 
written as:  
 

ln(wi ) = β0 + β1OEi + β2REi + β3UEi + bxi + ui ,                            (2)   
 
where w denotes the hourly wage for worker i and vector x includes all other conventional variables 
that control for individual characteristics and attributes such as, gender, age, marital status, 
immigration status, visible minority status, disability, and so on. We also include several fixed-effect 
controls to the regressions.8  First, we control for the skill requirements of each occupation via five 
skill categories, which are identified by applying factor analysis on 52 skill categories obtained from 
O*NET. Second, we control for fixed-effects for fields of study in 13 broad categories.  Lastly we 
control for 10 regional (provincial) and industry fixed-effects. 

                                                
8 In calculating hourly wages we used the number of hours worked in last week. To understand if this approximation is 
acceptable, we also used weekly wages in all estimations. The results were not substantially different. 
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In line with the literature, the coefficient of RE reveals the percentage change in hourly wages 
in response to a change in years of schooling required by the occupation.   A person working in an 
occupation that requires 12 years of schooling earns less than a person who works in an occupation 
that requires 13 years of schooling. The coefficient of OE indicates the returns to surplus education 
and is expected to be positive but less than the returns to RE.  This implies underutilization of that 
excess education, and the gap between returns to RE and OE indicates the magnitude of this 
underutilization.  The wage penalty for a deficit in education is given by the coefficient of UE.  It is 
generally found to be negative in the literature, and is indicative of a productivity loss to the economy.    
 The second model (VV), suggested by Verdugo and Verdugo (1989), identifies a worker’s 
surplus and deficit education in the same earning function by two binary variables, OED and UED, 
which take a value of 1 if the worker is overeducated or undereducated, respectively, and 0 if the 
individual is correctly matched.  The resulting earnings equation can be written as follows: 
  

ln(wi ) = β0 + β1AEi + β2OEDi + β3UEDi + bxi + ui .                        (3)  
 
This specification also reveals the wage effects of educational mismatch, but unlike the DH model, 
they are conditional on actual education (AE).  The coefficient of OED again reveals the level of 
underutilization when it is negative.  Suppose two workers have 10 years of schooling, but if person A 
works in an occupation that requires 7 years of schooling, he would earn less than person B who just 
works in a job that requires 10 years of schooling.  The reverse is true if person A works in a job that 
requires 14 years of schooling. That is, she earns more than person B whose education matches the 
requirement of 10 years.  Therefore, the coefficients of OED and UED are expected to be negative and 
positive, respectively, as generally found in the literature. As well, these expectations are in line with 
those of the DH model.  A positive return to OE in the DH model means that person who works in a 
job that requires less schooling less than the schooling actually attained, would earn more, but not as 
much more than what she would earn if that extra education was in an occupation in which she was 
perfectly matched. Since this positive effect is captured in the VV model by the absolute value of the 
OED’s coefficient, it also reflects the degree of underutilization of that extra (or over) education. 
 
3.2 Bias in OLS estimations 
We choose the OLS estimation method, with the usual correction for robust standard errors, to be able 
to compare our results with the ORU literature. Unfortunately, although there are methods, such as 
propensity score matching (McGuiness, 2008) and fixed-effects models (with panel data) none of them 
have been able to satisfactorily control for the bias in estimators so far (Leuven and Oosterbeek, 2011) 
− the bias would result from the possibility that relatedness or over- or undereducation could be 
correlated with omitted factors such as ability. As a result, the ORU literature has tried to address the 
problem by including a rich set of variables and proxies in the hope that these might control, to some 
degree, for workers’ ability.9 
 To our knowledge this is the first study in the ORU literature that also controls for workers’ 
relatedness.  Hence it provides a test of whether the results are sensitive to mismatch measures, over- 
and undereducation and relatedness, when they are controlled for together.  Controlling for relatedness 
in ORU regressions would also help mitigate the effects of unobserved ability.  We have also created a 
proxy that identifies whether a worker is a delayed-degree-holder (DDH) or a dropout.  Our 
expectation is that this proxy would signal a worker’s overall ability (or more precisely, the lack of it) 
and hence control for the possible selectivity problem in both over- and undereducation and 
relatedness states.  The variable that identifies if the worker is DDH and/or dropout is a binary 
variable, and it is developed using several variables in the census files.  Fortunately, the census has 
enough cross-listed variables such that one can identify years of schooling spent in college, in 
university, and in total; as well, there are enough variables that one can identify if a person has 
multiple degrees, and the total years of schooling she spent in acquiring each degree.  By using 21 
levels of “highest schooling”, 10 levels of “highest degree”, and 8 levels of “degrees in trades and 
                                                
9 Lemieux (2015) also justifies the use of OLS by explaining that the ability bias is found to be very small in studies that look 
at the casual effect of education on earning. Although the bias in ORU variables is not discussed in his paper, he explains that 
the bias in the coefficient of the binary variable that controls for the relatedness is supposed to be small. 
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college”, one can identify the required number of years in each degree (33 in total) by taking modal 
values. Since the sample size is large, we were able to identify these modal years by field of study for 
each degree above high school.  Moreover, in addition to high school dropouts, we identified three 
types of dropouts who have only a high school degree: college dropouts, university dropouts, first 
college and then university dropouts. The process of identifying the required level of years for each 
degree and comparing it with the years that worker spent in that degree was a very detailed process 
and is explained in Appendix B.  We constructed four flag variables as follows: 
  
 Flag1 = 1 if YOSd > MYSd, 0 otherwise, 
 Flag2 = 1 if YOSd +1 > MYSd, 0 otherwise, 
 Flag3 = 1 if YOSd +2 > MYSd, 0 otherwise, 
 Flag4 = 1 if YOSd +3 > MYSd, 0 otherwise, 
 
where YOS and MYS are the years of schooling and modal years of schooling for degree d. We used 
Flag3 in our estimating equations. The results are not sensitive to different specifications of the flag 
variable. 
 Finally, as described in Section 2, we also control for each worker’s skill by using the 
“Ability” file in O*NET Version 19.0, which contains 52 distinct ability requirements for each of 
more than 1000 occupations classified under Standard Occupation Classification System (SOC). After 
matching them with the Canadian occupational classification system (NOCS01) used in the 2001 
Census, we produced 5 factor values out of 52 skill requirements by using factor analysis.  This 
operation is identical to the method applied by Summerfield (2014).  These factor loadings represent 5 
relevant skill measures, which in return exemplify recommended job requirements: Factor 1, 
reasoning/communication; Factor 2, sensory/coordination; Factor 3, physical strength; Factor 4, 
coordination vs. strength; Factor 5, numeracy vs. communication.  By using these skill measures, we 
are essentially controlling for skill effects based on the assumption that there is no skill mismatch in 
the long-term (Cassidy, 2015).   This will also help in reducing the bias from unobserved 
heterogeneity attributable to skill variations among workers. 
 
3.3 Estimation results 
We first report the estimation results of model (2) without ORU variables in Table 4. Specifications 1 
and 3 use the full sample, and 2, 4, and 5 use a sample that includes only degree holders of trades and 
higher.  The effects of education estimated on both samples are very consistent regardless of whether 
we control for DDH/dropouts and relatedness.  Every additional year of schooling increases the hourly 
wage around 2 percent with the full sample, and around 3 percent with the limited sample. 
 When we control for relatedness in specifications 2, 4, and 5, the sample excludes all workers 
with a high school education or less.  As well, since all the dropouts belong to this group, they are also 
excluded in these specifications, and therefore, Flag3 identifies only DDH, and not the dropouts.10  
The smaller negative effect of Flag3 in Specification 1 (which includes dropouts) implies that high 
school dropouts actually earn more than their colleagues who completed their high school, but went no 
further. Alternatively, it could be said that college and university dropouts, who have only secondary 
school certification from a high school, would face a higher opportunity cost of finishing college or 
university. Although this opens up an interesting area for further research, the current findings are 
interesting in themselves: when the dropouts are dropped from the sample in Specification 2, the 
coefficient of Flag3 falls to -10 percent and shows the pure effect of being DDH.  Specification 3 also 
confirms this. When Flag3 is interacted with actual education years, the negative effect of Flag3 is 
realized only at higher years of education. The negative coefficient of the interaction between 
Relatedness Index and AE Years in Specification 4 indicates that the earnings of workers with earlier 
degrees, such as trades and college, is more sensitive to the relationship between the workers’ field of 
study and their occupation relative to workers with higher degrees.  This implies that the wage effect 

                                                
10 Dropouts account for almost 50 percent of the cases where Flag3 is 1. 



 
 

11 

of relatedness is not linear, which can only be confirmed by the use of a continuous index variable, as 
this study shows.11  
 Although these findings are interesting and unique in themselves, they cannot establish a base 
to approximate the cost of mismatch in labour markets.  Table 5 below reports a first set of results 
obtained from different versions of the Duncan-Hoffman model as defined by Equation (2). In all 
specifications, the estimates show that the coefficients of ORU variables have the expected signs and 
are statistically significant.  
 
Table 4: Estimates of standard models of hourly wage earnings 
  1 2 3 4 5 
Actual Education Years 0.0209 0.0277 0.0225 0.0243 0.0268 
 (0.0002) (0.0002) ( 0.0002) (0.0003) (0.0002) 
(Flag3 =1) -0.0262 -0.1014 0.1461  0.0872 
 (0.0014) (0.0024) (0.0062)  (0.0156) 
Relatedness Index  0.0787  0.1233  
  (0.0013)  (0.0071)  
(Flag3 = 1) x AE Years   -0.0114  -0.0101 
   (0.0004)  (0.0008) 
Relatedness Index x AE Years    -0.0029 0.0046 
    (0.0004) (0.0001) 
Number of observations 1,223,135 665,977 1,223,135 665,988 665,988 
R2 0.3083 0.3106 0.3087 0.3087 0.3104 
Notes: (1) The dependent variable is log hourly wage. (2) Standard errors, in parentheses, are corrected for heteroskedasticity 
and serial correlation.  (2) AE Years denotes actual education years. (3) All estimations control for age, age-square, gender, 
marital status, disability, immigration, visible minority status, primary earner status, language, 5 factor variables that control 
occupational skill requirements, regional fixed-effects for 10 provinces, field of study fixed-effects at 13 categories, and 
industry fixed-effects at 21 categories. 
 
First, the coefficients of RE imply that every additional year in education that is required for a specific 
occupation is associated with around a 4 percent increase in hourly wages.  Second, a surplus year in 
education increases the hourly wage only between 1.45 percent in Specification 4 and 2.4 percent in 
Specification 2, payoffs that are much lower than the 4 percent observed for required education. 
Finally, there is a substantial penalty associated with deficit years of education.  That is, every year of 
education less than the usual level reduces workers’ wage 1.7 percent in the first specifications and 
around 4 percent in the last two specifications. In general, these findings are in line with what other 
studies find in the ORU literature. The first two specifications use the full sample and therefore do not 
control for the relatedness. Consistent with our earlier finding, Specification 2 implies that the effect 
of being a DDH or a dropout reduces workers’ wages further if they have more years in schooling. 
The primary concern in the ORU literature is unobserved ability that may increase the likelihood of 
being overeducated.  It has been argued that the underutilization cost, which is implied by the lower 
wage premium to surplus years in schooling beyond the required years, would be over-estimated due 
to a possible selectivity problem - workers may offset their lack of skills required in their job by 
surplus schooling. In Specification 1, this cost is reflected by the difference between the coefficients of 
RE and OE, which is 1.97 percentage points (3.79 – 1.82).   In other words, the worker would have 
earned 1.97 percentage points more for each of her surplus years in education if she had worked in a 
matching job.  When “ability” is controlled by Flag3 in the second specification, the wage penalty for 
the overeducated falls to 1.74 percentage points (4.17 – 2.43) for the workers who are not DDH or 
dropouts, a result that would be expected if Flag3 captures the effect of unobserved inability. 
                                                
11 It should be noted that, although the sample excludes all non-degree holders (high school or less) in specifications 2, 4, and 
5, it includes degree holders working in jobs that do not require a specific field of study.  Hence, all university degree 
holders, for example, working in jobs that require high school education have a relatedness index of zero.  We change this in 
later estimations.   
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 The primary concern in the ORU literature is unobserved ability that may increase the 
likelihood of being overeducated.  It has been argued that the underutilization cost, which is implied 
by the lower wage premium to surplus years in schooling beyond the required years, would be over-
estimated due to a possible selectivity problem - workers may offset their lack of skills required in 
their job by surplus schooling. In Specification 1, this cost is reflected by the difference between the 
coefficients of RE and OE, which is 1.97 percentage points (3.79 – 1.82).   In other words, the worker 
would have earned 1.97 percentage points more for each of her surplus years in education if she had 
worked in a matching job.  When “ability” is controlled by Flag3 in the second specification, the wage 
penalty for the overeducated falls to 1.74 percentage points (4.17 – 2.43) for the workers who are not 
DDH or dropouts, a result that would be expected if Flag3 captures the effect of unobserved inability. 
 
Table 5: Estimates of Duncan-Hoffman model of hourly wage earning 
  1 2 3 4 
Required Education (RE) 0.0379 0.0417 0.0423 0.0437 
 (0.0003) (0.0003) (0.0005) (0.0006) 
Over-education (OE) 0.0182 0.0243 0.0145 0.0162 
 (0.0003) (0.0003) (0.0004) (0.0006) 
Under-education (UE) -0.0171 -0.0171 -0.0371 -0.0407 
 (0.0002) (0.0003) (0.0006) (0.0009) 
(Flag3 =1)  0.1892   
  0.0083   
Relatedness Index   0.0531 0.0958 
   (0.0016) (0.0108) 
(Flag3 = 1) x RE  -0.0136   
  (0.0006)   
(Flag3 = 1) x OE  -0.0158   
  (0.0006)   
(Flag3 = 1) x UE  0.0007   
  (0.0016)   
Relatedness Index x RE    -0.0029 
    (0.0006) 
Relatedness Index x OE    -0.0036 
    (0.0009) 
Relatedness Index x UE    0.0096 
    (0.0015) 
Number of observations 1,223,135 1,223,135 402,755 402,755 
R2 0.3106 0.3114 0.2875 0.2876 
Notes: (1) The dependent variable is log hourly wage. (2) Standard errors, in parentheses, are corrected for heteroskedasticity 
and serial correlation. (3) All estimations control for age, age-square, gender, marital status, disability, immigration, visible 
minority status, primary earner status, language, 5 factor variables that control occupational skill requirements, regional 
fixed-effects for 10 provinces, field of study fixed-effects at 13 categories, and industry fixed effects at 21 categories 
 
When the last two specifications add the relatedness index to models, the sample size falls, because 
observations are now limited to workers who have trades and higher degrees and are working in jobs 
that require trades and higher degrees.  We did not add Flag3 in these two specifications in order to see 
the response of ORU variable coefficients when relatedness is brought in as a control.  Inclusion of the 
relatedness index in ORU regressions allows us to determine how/whether the extent to which the 
field of study and occupation are related influences the wage penalty for the overeducated. As reported 
in Table 3, the relatedness ratio for those with a Bachelor’s degree is substantially lower (58 percent) 
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for overeducated workers compared to that for matched workers (82 percent). The results shown in the 
last specification in Table 5 indicate that the wage penalty for each year of surplus schooling in 
overeducation is 2.75 percentage points (4.37 – 1.62) for workers with relatedness index of zero. The 
same cost increases to 2.81 percentage points ((4.37-0.3)-(1.62-0.4)) for workers for whom the index 
is unity.  Although the difference is not sizeable, it shows that the wage penalty is greater for 
overeducated workers who otherwise work in matching jobs in terms of their field of study. Moreover, 
for any given RE, the wage reward of higher levels of relatedness is smaller if a worker is 
overeducated, and this negative effect is larger the greater the surplus years in schooling. 
 
Table 6: Estimates of VV model of hourly wage earning 
  1 2 3 4 5 6 
Actual Education (AE) 0.0246 0.0279 0.0317 0.0324 Base is “no education” 
 (0.0002) (0.0003) (0.0004) (0.0005) 10 degrees, all + & significant 
Overeducated (OED = 1) -0.0378 -0.0385 -0.0648 -0.0677 -0.0641 -0.0644 
 (0.0011) (0.0012) (0.0019) (0.0029) (0.0011) (0.0012) 
Undereducated (UED = 1) 0.0109 0.0171 -0.0115 -0.0212 (0.0057) (0.0030) 
 (0.0012) (0.0012) (0.0016) (0.0032) (0.0011) (0.0012) 
Flag3 =1  0.1924    0.0295 
  (0.0066)    (0.0021) 
Relatedness Index   0.0609 0.0835   
   (0.0016) (0.0104)   
(Flag3 = 1) x AE  -0.0147    10 degrees, all - 
  (0.0004)    and significant 
(Flag3 = 1) x (OED = 1)  0.0174    0.0082 
  (0.0037)    (0.0032) 
(Flag3 = 1) x (UED = 1)  -0.0023    0.0188 
  (0.0048)    (0.0032) 
Relatedness Index x AE    -0.0019   
    (0.0006)   
Relatedness Index x (OED = 1)    0.0059   
    (0.0039)   
Relatedness Index x (UED = 1)    0.0187   
    (0.0044)   
Number of observations 1,223,135 1,223,135 402,755 402,755 1,223,135 1,223,135 
R2 0.3089 0.3097 0.2852 0.2853 0.3150 0.3154 
Notes: (1) The dependent variable is log hourly wage. (2) Standard errors, in parentheses, are corrected for heteroskedasticity 
and serial correlation. (3) All estimations control for age, age-square, gender, marital status, disability, immigration, visible 
minority status, primary earner status, language, 5 factor variables that control occupational skill requirements, regional 
fixed-effects for 10 provinces, field of study fixed-effects at 13 categories, and industry fixed effects at 21 categories 
 
The second model (VV), due to Verdugo and Verdugo (1989), identifies surplus and deficit education 
in an earning function by two binary variables, OED and UED if the worker is overeducated or 
undereducated, respectively, as expressed in model (3).    The results of this model are presented in 
Table 6. The first four specifications use years of education and the last two use 10 educational 
degrees to classify workers in terms of surplus and deficit education.  In all specifications, OED and 
UED are identified by comparing the worker’s actual education with required education, which is the 
modal value of years of education or of degree in her occupation.   Specifications 3 and 4 also include 
the relatedness index and so the sample includes only workers with degrees in the trades or higher, and 
who are working in jobs that require these credentials.  When educational degrees are used, instead of 
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years in education, a much more substantial difference between actual and required education is 
needed to push workers into the OE or UE status.  
 As stated before, the VV model is conditional on AE. The coefficient of AE in the first four 
specifications indicates that every additional year in actual education increases hourly wages between 
2.46 percent to 3.24 percent.  In the first specification, overeducated workers earn 3.78 percent less, 
and undereducated workers earn 1.09 percent more wages relative to their colleagues with the same 
education but working in a matching job. When we control for education in terms of degrees in 
Specification 5, the corresponding numbers are 6.41 percent for the overeducated and 0.6 percent for 
the undereducated.  The second and the last specifications control for DDH and dropouts.  Similar to 
our earlier findings reported in Table 5, the wage penalty due to overeducation falls for DDH and 
dropouts by 1.74 percentage points to 2.11 from 3.85.  This implies that the effect of overeducation on 
wage earnings is overestimated when unobserved “inability” is not controlled for.  This is also the case 
when educational degrees are used in the last specification.  It is interesting to observe that, when the 
relatedness of the worker’s field of study is controlled for in Specification 3, the wage penalty for the 
overeducated almost doubles to 6.51 percent and the coefficient of UED becomes negative.  
Specification 4 shows the dynamics of this relationship better.  The coefficient of the interaction 
between OED and the relatedness index is not significant implying that the wage penalty for the 
overeducated would not change by the degree of relatedness.  
 
4 Cost of vertical mismatch  
 
Leuven and Oosterbeek (2011 – page 38) conclude their literature review on overeducation and 
mismatch in the labour market with the following comment: 
 
 “The efficiency implications of mismatch are interesting and to our knowledge nobody has pursued them to 
date.  Potentially, estimates of returns to required schooling, overschooling and underschooling are informative 
about the cost of mismatch.  Such estimates, together with information about the assignment of workers (by 
completed schooling) to jobs (by required schooling), could allow us to calculate by how much productivity 
(approximated by the wage sum) could increase by relocating workers to jobs that require their schooling.  
Unfortunately, the estimates that have been produced are not suitable for such an exercise because the literature 
has not been able to separate the impact of mismatch from unobserved ability.” 
 
 As mentioned earlier, not only the possibility of bias in estimating the wage effects of 
overeducation, but also possible measurement errors in calculating required education both in DH and 
VV models, are real concerns in the ORU literature.  We have attempted to address them in this paper 
by estimating different versions of the models, controlling for the relatedness of workers’ field of 
study as well as for unobserved ability.  We know that the bias due to unobserved ability results in 
overestimated gaps between returns to required education and surplus schooling.  So how big is the 
potential cost, even with these biased estimators? This section approximates the cost of vertical 
mismatch with the current estimates to provide a first look at the magnitude of the problem in Canada 
and employs a set of assumptions about the factors that would inflate or shrink it. 

As the literature on overeducation generally suggests and our results indicate, the returns to 
surplus schooling are positive but less than those for required education.  This fact is viewed as an 
underutilization problem of the workforce arising due to surplus education.  In a conventional ORU 
model, the gap between RE and OE coefficients captures the degree of this underutilization: for any 
given RE, the lower the return to surplus schooling, the higher the underutilization. The findings with 
the VV models are also consistent with findings of the DH model. The other type of cost is associated 
with undereducation.  The cost of deficit schooling for the undereducated can be considered as a 
productivity loss for the employer, who would have paid a higher wage if the undereducated workers 
had the level of education required by the job. Table 7, which reports the average wage earnings of the 
matched and mismatched workers shows both types of cost. 

The numbers in Table 7 are in line with the predictions of both the DH and VV models.  All 
overeducated workers earn more than their colleagues who are correctly matched in the same 
occupation.  But, they earn less than the workers who have the same education but are correctly 
matched.  This is what the gap between coefficients of RE and OE captures in the DH models.  For 



 
 

15 

example, a bachelor’s degree holder working in a job that requires a high school certificate earns an 
hourly wage of $22.02, which exceeds the hourly wage of $7.28 earned by workers who have a 
matching education. But she earns less than other bachelor-degree holders who work in a matching job 
and earn $28.13.  The VV model captures the same wage penalties and rewards for the over-  
undereducated: if a worker is o overeducated with a trade degree working in a job that requires less 
than high school, the hourly wage is $7.62 dollars, which is less than what your colleagues, with the 
same degree working in a matching job earn ($22.25). This is what OED captures in the VV models.  

 
Table 7: Average hourly wage earnings by degrees – 2001 (weighted) 
Attained Required Degrees by Occupation 
Degree LHS HS Trades College+ Bachelor +Master PhD 
Less than HS 16.37 16.66 18.60 18.23 23.57 21.65 22.37 
High School 16.23 17.28 19.01 19.52 25.40 21.65 21.44 
Trades 17.62 18.16 22.25 20.00 25.35 23.74 20.41 
College + BB 16.77 18.43 22.28 20.34 25.79 22.27 22.28 
Bachelor 17.05 22.02 21.41 24.22 28.13 26.12 24.19 
AB + Master 17.85 26.52 22.52 27.95 29.90 28.66 29.89 
Doctorate 19.71 25.96 32.07 30.63 33.82 32.22 32.90 
Notes: (1) Bold numbers reflect the average hourly wages for matched workers. (2) Numbers reflect the population values 
calculated by survey weights. (3) LHS, HS, BB and, AB denote less than high school, high school, below bachelor and, 
above bachelor, respectively. 
  
 Based on the estimates of the numbers of overeducated workers and their average hourly 
wages in Table 1 and Table 7, respectively, we can arrive at an aggregate cost estimate of 
overeducation.  If we assume that all overeducated workers stay mismatched in their jobs for 12 
months, work 52 weeks and 8 hours each day, the estimates in Table 1 and Table 7 imply that the 
overall underutilization cost due to overeducation in 2001 is about $11.2 billion. We also calculated 
the productivity loss resulting from hiring undereducated workers (see Appendix).  Based on the same 
assumptions, the cost of deficit schooling incurred by firms is $6 billion. In both calculations, since 
required education is determined by degrees rather than years in education, the measurement error 
should not be prominent.  However, although Table 8 is a useful approximation of the underutilization 
cost, the average wage gaps cannot reflect the isolated effects of educational mismatch on earnings 
after other factors, such as personal attributes and fixed-effects, have been accounted for. Hence to get 
a more accurate picture of the cost attributable to educational mismatch alone, we need to use the 
estimates of the VV and DH models.    

Since DH models use years of schooling instead of degrees, we use the VV model to replicate 
Table 8 using regression results.  However, in the VV model, details on the extent of overeducation in 
terms of different levels of schooling are not revealed by the OED coefficients. How much of the 
overall effect of OED is attributable to different levels of surplus education is an important question 
and the answer would reveal information about the degree of underutilization for different degrees.  In 
order to incorporate a disaggregated OED variable in the earnings function, we apply a modified 
version of the VV model (3):  

ln(wi ) = β0 + β1AEi + β2UEDi + βdOEDdi
d=3

8

∑ + bxi + ui .                        (4)  

Unlike a conventional VV model, equation 4 disaggregates OED into six dichotomous variables for 
each of the following degrees (d): high school (3), trades (4), college and below bachelor’s (5), 
bachelor’s (6), master’s and above bachelor’s (7) and, doctorate (8).12 These binary variables take 
values of 1 and 0 depending on in which specific degree she has surplus education.   For example, if 
the person with a bachelor’s degree (5) is working in a job that requires LHS, the variables OED(3), 
OED(4), and OED(5) are each 1 and OED(6), OED(7), and OED(8) are each zero.  The estimates of 

                                                
12 Since the minimum modal value of RE is 2, the surplus education starts at the high school level. 
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the coefficients of these six binary variables are reported under the column title “marginal wage 
effects of OE” in Table 9, which also presents our estimates of the underutilization cost based on these 
results.13  

 
Table 8: Underutilization cost by average wage gaps – 2001 (weighted) 
   <---------------------------------CAD--------------------------------> 
   Average Average    
   hourly hourly  Total Annual wage 
  Number of wage wage  wage loss for 
Required Attained  earned  paid for Hourly loss overeducated 
degree for (Actual) educated by  OE matched wage in workers 
occupation degree workers workers workers loss 1 hour (x 1000) 
LHS HS 450,945 16.23 17.28 1.05  473,492   984,864  
LHS Trade 206,965 17.62 22.25 4.63  958,248   1,993,156  
LHS College + BB 130,105 16.77 20.34 3.57  464,475   966,108  
LHS Bachelor 30,610 17.05 28.13 11.08  339,159   705,450  
LHS AB + Master 8,005 17.85 28.66 10.81  86,534   179,991  
LHS Doctorate 365 19.71 32.90 13.19  4,814   10,014  
  Total 826,995        2,326,722   4,839,582  
HS Trade 218,215 18.16 22.25 4.09  892,499   1,856,399  
HS College + BB 394,290 18.43 20.34 1.91  753,094   1,566,435  
HS Bachelor 159,865 22.02 28.13 6.11  976,775   2,031,692  
HS AB + Master 35,665 26.52 28.66 2.14  76,323   158,752  
HS Doctorate 1,465 25.96 32.90 6.94  10,167   21,148  
  Total 809,500        2,708,859   5,634,426  
Trades College & BB 97,165 22.28 20.34 -1.94 -188,500  -392,080  
Trades Bachelor 7,620 21.41 28.13 6.72  51,206   106,509  
Trades AB & Master 2,410 22.52 28.66 6.14  14,797   30,779  
Trades Doctorate 155 32.07 32.90 0.83  129   268  
  Total 107,345       -122,368  -254,525  
College & BB Bachelor 169,770 24.22 28.13 3.91  663,801   1,380,705  
College & BB AB & Master 50,435 27.95 28.66 0.71  35,809   74,482  
College & BB Doctorate 3,380 30.63 32.90 2.27  7,673   15,959  
  Total 223,590        707,282   1,471,147  
Bachelor AB & Master 191,320 29.90 28.66 -1.24 -237,237  -493,453  
Bachelor Doctorate 13,035 33.82 32.90 -0.92 -11,992  -24,944  
  Total 204,355       -249,229  -518,396  
AB & Master Doctorate 9,625 32.22 32.90 0.68  6,545   13,614  
Grand Total  2,171,790     5,371,266   11,172,234  
Notes: (1) Number of workers and average wages reflect population values calculated by population weights. (2) We assume 
that workers stay overeducated for 12 months and work 52 weeks in a year and 8 hours in a day on average. (3) LHS, HS, BB 
and, AB denote less than high school, high school, below bachelor and, above bachelor, respectively. 

 
Similar to our earlier findings, all coefficients of OEDs are negative and significant indicating strong 
underutilization in the case of overeducation. The degree of this underutilization varies by different 
educational level and each individual coefficient reflects the incremental or marginal wage effect of 
surplus education for a given degree.  For a person with a specific surplus education, the sum of these 
coefficients shows the total wage effect of overeducation and is reported under “Cumulative wage 
effect %” in Table 9. The number of overeducated workers in the third column and average hourly 
wage rates for matched workers in the sixth column are the same as in Table 8.  Hourly wage losses 

                                                
13 All coefficients are significant at 1% level. 



 
 

17 

reflect the income that the worker would have earned had she worked in job that requires her 
education. The results show that, when all fixed effects and personal attributes are taken into account, 
the annualized total underutilization cost amounts to $4.8 billion dollars in 2001. As mentioned before, 
this exercise is not intended to give an exact cost of underutilization in terms of wage loss. However, it 
provides a rough approximation that shows the magnitude of the problem with the assumptions that 
the persistency rate is 100 percent and there are no overestimation issues due to the selectivity problem 
in overeducation.  

 
Table 9: Underutilization cost by the VV model – 2001 (weighted) 
     <---------------------------CAD---------------------------> 
     Average    Annual 
  Number Marg.  hourly   Total wage 
  of wage  wage  Cum. wage loss for 
Required Attained  effect Cum. for Hourly hourly loss OE 
degree for (Actual) educated of wage matched wage wage in workers 
occupation degree workers OE% effect % workers loss loss 1 hour (x 1000) 
LHS HS 450,945 -7.47 -7.47 17.28 1.29 1.29  582,087   1,210,741  
LHS Trade 206,965 -4.26 -11.73 22.25 0.95 2.24  463,326   963,717  
LHS Coll.+ 130,105 -2.13 -13.86 20.34 0.43 2.67  347,629   723,067  
LHS Bach. 30,610 -7.70 -21.56 28.13 2.17 4.84  148,089   308,024  
LHS + Mas. 8,005 1.46 -20.10 28.66 -0.42 4.42  35,378   73,586  
LHS PhD 365 -6.80 -26.90 32.90 2.24 6.66  2,430   5,054  
  Total 826,995            1,578,937   3,284,190  
HS Trade 218,215 -4.26 -4.26 22.25 0.95 0.95  206,835   430,217  
HS Coll.+ 394,290 -2.13 -6.39 20.34 0.43 1.30  512,469   1,065,935  
HS Bach. 159,865 -7.70 -14.09 28.13 2.17 3.96  633,628   1,317,946  
HS + Mas. 35,665 1.46 -12.63 28.66 -0.42 3.62  129,099   268,525  
HS PhD 1,465 -6.80 -19.43 32.90 2.24 6.39  9,365   19,479  
  Total 809,500            1,491,395   524,971  
Trade Coll.+ 97,165 -2.13 -2.13 20.34 0.43 0.43  42,096   87,560  
Trade Bach. 7,620 -7.70 -9.83 28.13 2.17 2.77  21,071   43,827  
Trade + Mas. 2,410 1.46 -8.37 28.66 -0.42 2.40  5,781   12,025  
Trade PhD 155 -6.80 -15.17 32.90 2.24 4.99  774   1,609  
  Total 107,345            69,721   145,021  
College+ Bach. 169,775 -7.70 -7.70 28.13 2.17 2.17  367,734   764,887  
College+ + Mas. 50,435 1.46 -6.24 28.66 -0.42 1.79  90,197   187,610  
College+ PhD 3,385 -6.80 -13.04 32.90 2.24 4.29  14,522   30,206  
  Total 223,590            472,454   982,704  
Bachelor + Mas. 191,320 1.46 1.46 28.66 -0.42 -0.42 -80,055  -166,515  
Bachelor PhD 13,035 -6.80 -5.34 32.90 2.24 1.76  22,901   47,633  
  Total 204,355            (57,155)  (118,881) 
 + Master PhD 9,625 -6.80 -6.80 32.90 2.24 2.24  21,533   44,789  
Total   2,171,785        3,555,353   4,818,004  
Notes: (1) The number of workers reflects population values calculated by population weights. (2) We assume that workers 
stay overeducated for 12 months and work 52 weeks in a year and 8 hours in a day on average. (3) LHS, HS, Coll+. +Master, 
Bach., denote less than high school, high school, College and below bachelor, above bachelor and master’s, and bachelor 
degrees, respectively. 
   

The same calculations can be made using our estimates of the DH models. Table 10 reports 
the result of these calculations only for overeducated workers in jobs that require 12 years of 
schooling. Since the number of workers with more than 20 years of schooling is small, we do not 
report them in the table.  When the modal years are used to identify the under- and overeducated, the 
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level of required education starts at 12 years and, therefore, to compare the numbers with those in 
Table 9, one needs to add LHS and HS in Table 9.  The third column, “Total wage effects of education 
for overeducated”, gives the wage effect of being overeducated by using the coefficients of RE and 
OE in Table 5.  For a worker who has 16 years of education working in a job that requires 12 years of 
schooling, for example, it is the sum of (0.03789 RE coefficient x 12 years) and (0.01823 OE 
coefficient x 4 years), which is 0.5276.  The next column calculates the wage effect if these workers 
would work in matching jobs, which is 0.6062 for the workers who have 16 years of education and 
working in a matching job (0.03789 x 16 years).  The fifth column shows the difference between two 
values given in the fourth and the third columns, which is the wage penalty for overeducated workers 
who work in jobs that require 12 years of education. The process for the rest of the table is similar to 
Table 9.  As seen in the final column, the annualized cost calculated by the DH method is about 2.5 
billion dollars higher than the one reported in Table 9, which is 3.809 billion dollars (3.284b + 525m).   
Although the numbers are not perfectly comparable, Table 10 shows that the DH model overestimates 
the number of overeducated workers as it uses years of schooling instead of degrees. Again this 
exercise requires a 100-percent persistency rate and no selectivity problem in the state of being 
overeducated. 

 
Table 10: Underutilization cost by the DH model – 2001 (weighted) 
  <----------------- % -----------------> <--------------------------CAD---------------------------> 
 Num. of Total   Average   Annual wage 
 workers wage   hourly  Total loss for workers 
Attained in jobs effect Wage  wage  wage working in jobs 
(Actual) requiring of educ. effect  for Hourly loss requiring 12 
Educ. 12 years for over of educ. Wage matched wage in years education 
Years education educated if matched penalty workers loss 1 hour (x 1000) 

13  665,075  0.4729 0.4926 -0.020  19.19 0.38  250,916   521,906  
14  459,228  0.4911 0.5305 -0.039  20.16 0.79  364,026   757,174  
15  362,000  0.5094 0.5684 -0.059  24.00 1.42  512,418   1,065,830  
16  337,960  0.5276 0.6062 -0.079  23.70 1.86  629,879   1,310,148  
17  214,440  0.5458 0.6441 -0.098  29.58 2.91  623,530   1,296,943  
18  103,818  0.5641 0.6820 -0.118  26.50 3.13  324,529   675,020  
19  55,122  0.5823 0.7199 -0.138  27.62 3.80  209,522   435,806  
20  26,232  0.6005 0.7578 -0.157  25.39 3.99  104,753   217,887  

Total  2,223,875        3,019,574   6,280,715  
Notes: (1) The number of workers reflects population values calculated by population weights. (2) We assume that workers 
stay overeducated for 12 months and work 52 weeks in a year and 8 hours in a day on average. 
 
 How big then is the cost of mismatch?  Using average wage differentials, the annualized 
aggregate cost due to overeducation and undereducation amounts to about $17.2 billion in 2001, based 
on the DH model. When we use the VV model that controls for individual attributes and several fixed 
effects, the underutilization cost falls to $4.8 billion; with a productivity loss of $2.8 billion dollars, 
the total cost of mismatch is around $7.6 billion.14 Although the proxy that we use to control 
unobserved ability in our estimations is not perfect, the results verify the concern that ORU 
regressions likely overestimate the true cost of overeducation.  Moreover, while findings in the 
literature on the persistency of mismatch are mixed, they generally suggest that the duration of time a 
worker stays overeducated is long but the share of the overeducated that remain overeducated more 
than a year is less than 100 percent (Mavromaras et al., 2012; Joona et al., 2014).  The same 
persistency ratio also varies by different degree holders.  Frenette (2003) shows that university 
graduates are more likely to move out from the state of overeducation than other degree holders. 

                                                
14 The productivity loss incurred by firms employing the undereducated falls to 2.8 billion dollars.  The calculations are based 
on the VV model and not reported here. 
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Therefore, with a 100-percent persistency assumption and possible overestimation in the true cost of 
surplus schooling, the overall cost of mismatch is perhaps not very large, at least as a first 
approximation.  
 
5 Concluding remarks 
 
Inappropriate matches between workers and jobs in terms of education cause a surplus or deficit in 
schooling. If surplus education is substantial, it leads to underutilization in labour markets, which has 
often been called the “great training robbery” in the literature.  A deficit in schooling, on the other 
hand, means a loss in productivity for firms and the economy as a whole.  Recent studies in Europe 
and the U.S. indicate a significant educational mismatch problem in the labour force, which is 
conceptually different than short-term cyclical underemployment.  The fact that more than 50 percent 
of the workers have either an educational deficit or surplus is recognized by ILO and OECD as one of 
the major issues in labour markets, since this not only leads to long term structural unemployment, but 
also to substantial underutilization of human capital and productivity losses in the whole economy.  

The aim of this study was two-fold: first, to provide a quantitative mapping of the incidence of 
educational mismatch and to assess the associated costs of underutilization and productivity loss in 
Canada that would result thereof. There are several aspects of this paper that make it a unique 
contribution in the Canadian context: First, we used the 20 percent sample of 2001 Census to map the 
incidence of vertical mismatch quantitatively (schooling years) and qualitatively (field of study) for 
Canada at very a detailed, micro level, involving about 520 occupations and 445 major fields of study.  
Second, we developed and used a proxy that identifies whether the worker is a delayed degree holder 
or a dropout to reduce the selectivity problem due to unobserved ability.  Third, we developed an 
index that measures the degree of “relatedness” of the worker’s field of study in his occupation, rather 
than using a binary control. And, we applied ORU models that also control for the relatedness in order 
to estimate the economic returns of under- overeducation. Finally, we approximated the 
underutilization cost and productivity loss resulting from mismatch. 

The results show that, as a first approximation, the total annualized cost amounts to about $7.6 
billion in 2001.  Considering the assumptions we used in this approximation and possible selectivity 
problems in the estimations of returns to surplus and deficit schooling, this total likely overestimates 
the true cost of educational mismatch in Canadian labour markets. Although this is not as sizeable as 
envisioned in policy circles, it is large enough to warrant further investigation, as is the issue of 
measuring costs associated with the other dimensions of vertical mismatch, such as the relatedness of 
workers’ field of study to their jobs.  
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Appendix A 

Table A.1: Productivity loss for firms by the VV model – 2001 (weighted) 
   <---------------------------------CAD--------------------------------> 
    Average    
    hourly  Total Annual wage 
  Number of  wage  wage loss for 
Required Attained under Average for Hourly loss undereducated 
degree for (Actual) educated hourly matched wage in workers 
occupation degree workers wage workers loss 1 hour (x 1000) 
LHS No Education 14,240 15.69 16.37 0.68 9,683 20,141 
HS No Education 3,780 15.76 17.28 1.52 5,746 11,951 
HS Less than HS 395,565 16.66 17.28 0.62 245,250 510,121 
  Total 399,345    250,996 522,071 
Trades No Education 1,755 19.38 22.25 2.87 5,037 10,477 
Trades Less than HS 106,230 18.60 22.25 3.65 387,740 806,498 
Trades HS 105,130 19.01 22.25 3.24 340,621 708,492 
  Total 213,115    733,398 1,525,467 
College & BB No Education 980 17.35 20.34 2.99 2,930 6,095 
College & BB Less than HS 116,820 18.23 20.34 2.11 246,490 512,700 
College & BB HS 285,545 19.52 20.34 0.82 234,147 487,026 
College & BB Trade 182,660 20.00 20.34 0.34 62,104 129,177 
  Total 586,005    545,672 1,134,997 
Bachelor No Education 175 21.93 28.13 6.20 1,085 2,257 
Bachelor Less than HS 24,810 23.57 28.13 4.56 113,134 235,318 
Bachelor HS 87,560 24.40 28.13 3.73 326,599 679,326 
Bachelor Trade 39,200 25.35 28.13 2.78 108,976 226,670 
Bachelor College & BB 169,575 25.79 28.13 2.34 396,806 825,355 
  Total 321,360    946,599 1,968,926 
AB & Master No Education n/a      
AB & Master Less than HS 2,020 21.65 28.66 7.01 14,160 29,453 
AB & Master HS 7,535 21.65 28.66 7.01 52,820 109,866 
AB & Master Trade 5,075 23.74 28.66 4.92 24,969 51,936 
AB & Master College & BB 20,555 22.27 28.66 6.39 131,346 273,201 
AB & Master Bachelor 34,115 26.12 28.66 2.54 86,652 180,236 
  Total 69,295    309,948 644,692 
Doctorate No Education n/a      
Doctorate Less than HS 260 22.37 32.90 10.53 2,738 5,695 
Doctorate HS 845 21.44 32.90 11.46 9,684 20,142 
Doctorate Trade 355 20.41 32.90 12.49 4,434 9,223 
Doctorate College & BB 2,050 22.28 32.90 10.62 21,771 45,284 
Doctorate Bachelor 3,280 24.19 32.90 8.71 28,569 59,423 
Doctorate AB & Master 7,390 29.89 32.90 3.01 22,244 46,267 
  Total 14,175    89,439 186,033 
Grand Total  1,617,535    2,885,735 6,002,328 
Notes: (1) Number of workers and average wages reflect population values calculated by population weights. (2) We assume 
that workers stay overeducated for 12 months and work 52 weeks in a year and 8 hours in a day on average. (3) LHS, HS, BB 
and, AB denote less than high school, high school, below bachelor and, above bachelor, respectively. 
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Appendix B: Flag variables for Identifying Delayed Degree Holders and Dropouts 
 
We used two variables from the census, “dgreer” and “hlosr”, to produce the following table.  The first 
variable refers to the highest degree, certificate or diploma and the second variable refers to the 
highest grade or year of elementary or secondary (high) school attended, or to the highest year of 
university or college education completed.  
 
 Table B.1: Highest degree and schooling – 2001 
      Highest degree (dgreer) 
      1 2 3 4 5 6 7 9 10 
Highest level of schooling (hlosr) None HS Trades College BB Bach. AB Master PhD 
Elementary-Secondary only                    
 None   1 4730                 
 Grades 1-4  2 7055                 
 Grades 5-8  3 43155                 
 Grades 9-10  4 88080                 
 Grades 11-13 5 135105                 
 High School  6   235840               
 Trades   7     59985             
College education only                    
 No certificate   8 22885 67970               
 Trades   9     131430             
 College diploma 10       227170           
University                      
 without university degree                   
  without college                    
   No certificate 11 265 34520               
   Trades 12     425             
   Diploma BB 13         18625         
  with college                    
   No certificate 14 485 12720               
   Trades 15     11515             
   College diploma 16       44200           
   Diploma BB 17         17380         
 with university degree                    
  Bachelor 18           193855       
  Above bachelor 19             29585     
  Master  20               50045   
  PhD  21                 11610 
Total      301,760   351,050   203,355   271,370   36,005   193,855   29,585   50,045   11,610  
Notes: (1) HS, BB, Bach., and AB denote, high school, below bachelor, bachelor, and above bachelor, respectively. (2) The 
numbers are round to 0 or 5. 
 
Although sequences in both variables are more or less hierarchical, they reflect a general rather than 
absolete gradient measure of academic achievement. In “holsr” variable, for example, Statistics 
Canada describes a number of instances that the levels are not entirely hierarchical and provides the 
following remarks in their website:15 

                                                
15 http://www12.statcan.ca/English/census01/products/reference/dict/pop049.htm 
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“For example, the placement of "Trades certificate or diploma" as a higher level of schooling than "Secondary 
(high) school graduation certificate" is justified on the basis of the fact that this educational qualification is 
obtained primarily for employment/occupational purposes by persons who were, on the whole, beyond the 
secondary (high) school age level at the time. However, a sizeable proportion of this group did not obtain their 
secondary (high) school graduation certificate which would, strictly speaking, be "out of line" in the hierarchy. 
In any event, placing this whole category below secondary would not necessarily resolve the problem, since at 
least some part of this group does have secondary (high) school graduation. It is for this reason that the data 
for trades (and college) certificates are separately disaggregated in the variable Schooling: Trades and 
College Certificates or Diplomas. Another example in which the hierarchical element of this variable would be 
slightly askew is in the cases of persons who have completed both university and college education. A person 
who attended university and college, but possessed no degrees, certificates or diplomas, would nonetheless be 
situated at a "higher" level than a person who has a college education only, but with a certificate or diploma.” 
 
To avoid complexities in calculating required (modal) years in each education category, we dropped 
the observations in cells 1-8, 1-11 and 1-14 (column-row) in Table B1.  We identified workers in cells 
1-4, 2-8, 2-11, and 2-14 as dropouts from high school, college, university and, first college and then 
university, respectively.  We also identified individuals in cell 4-16 as university dropouts with a 
college diploma.  Moreover, in order to identify whether the person has graduated from a trades school 
or completed some college program with or without high school, college or university certificates, we 
used a variable titled as “trnucr”.  This derived variable indicates all of the possible combinations of 
responses in conjunction with trades and college certificates or diplomas and of the presence or 
absence of the secondary (high) school graduation certificate. This information was very useful in 
indicating the possible overlap and the interrelations between the two areas.  There are seven levels in 
“trnucr”: (1) neither trades nor college certificate; (2) trades certificate, without secondary (high 
school) certificate; (3) college certificate, without secondary (high school) certificate; (4) both trades 
and college certificates, without secondary (high school) certificate; (5) trades certificate, with 
secondary (high school) certificate; (6) college certificate, with secondary (high school) certificate; (7) 
both trades and college certificates, with secondary (high school) certificate. For each “hlosr” 
category, we use these seven levels to calculate modal years of education.  Except for columns 1 and 
2, all modal years are calculated at 445 different levels of field of study.  


