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Abstract 

This dissertation is an empirical analysis investigating various determinants of real wage 

inequality in Canada. It includes a general literature review and three empirical studies. 

The first two empirical essays aim to explore the link between wage inequality and indus-

trial monopoly power, average city rent (ACR), and regional growth clusters (RGCs) 

within industries, as well as within Census Metropolitan Areas (CMAs). Canadian Census 

Microdata (1996, 2001, 2006, 2011, and 2016) will be used as the primary dataset in these 

essays. In the third essay, the effect of interprovincial migration on national wage inequal-

ity is examined using the 2016 Census PUMF.  

A two-round empirical analysis is conducted to examine the effect of monopoly power 

(measured by Lerner’s index derived from multifactor productivity dataset) on within-in-

dustry wage inequalities in Chapter 3. In the first round, wage inequalities (captured by 

Theil’s index) are computed for two-digit industries (sectors) to uncover variations of wage 

inequality within industries. Within-industry T-values (Theil’s index), then, will be used 

as a dependent variable in the second round in a pooled OLS framework. The same ap-

proach as Chapter 3 (i.e. two-round analysis) has been taken in Chapter 4 for CMAs instead 

of industries to disentangle the effect of ACR (an index representing high/low-pay industry 

composition of a CMA) and RGCs (representing major industrial clusters of a CMA) on 

within-CMA wage inequalities. To uncover the effect of interprovincial migration on ine-

quality, a semiparametric approach is considered in which counterfactual wage densities 

and inequalities are estimated in the absence of internal migration.  
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The results show that a higher monopoly power is associated with a reduction in wage 

inequality within industries by 0.19%. With respect to within-CMA inequality, the esti-

mated results exhibit that there is a significant relationship between wage inequality and 

average city rent.  More importantly, the growth rate of RGCs also matter to inequality 

across CMAs. It is estimated that a faster rate of growth of RGCs tends to increase CMA 

wage (earnings) inequality by 0.51% in Canada. And, finally, the estimated counterfactual 

Theil’s values indicate that interprovincial migration substantially reduces wage inequality 

in Canada. Besides, estimated wage densities show that migration exerts large and differing 

impacts on the lower portion of the wage distribution, whereas the effect sharply reduces 

and fades away in the upper portion of the wage distribution. 

Keywords: Wage Inequality, Industrial Inequality, Spatial Inequality, CMA, Inequality 

Decomposition, Interprovincial Migration.  
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Chapter 1  

Overall Introduction 

The subject of wage inequality has attracted a great deal of attention among economists 

and policymakers due to a rapid rise in inequality that began in the 1980s. While the Clas-

sical economists cheered for inequality as a source of economic development, the modern 

view is concerned that it is harmful to the economy (Galor, 2009). Such views can be best 

summarized, according to Cingano (2014), in the following manner;  

 Inequality can be considered to be good because greater inequality is a reward to 

more talented and productive individuals and enterprises to take higher risks. 

Hence, it results in more innovation and efficiency. Additionally, inequality 

boosts capital accumulation through larger investment by the rich, since they have 

a lower propensity to consume. Moreover, redistribution of income causes a 

deadweight loss from taxation as resources have to be spent on bureaucracy and 

administration.    

 On the other hand, inequality can be harmful to an economy for both social and 

economic reasons. From a social perspective, if the voters don’t accept higher 

inequality, then they will request higher tax rates and regulations, or lose their 
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trust in business and government, and in extreme cases, social unrest might take 

place. Furthermore, from an economic point of view, if human capital accumula-

tion depends on income, then the poor would have less opportunity to become ed-

ucated and develop their skills. This effect, in turn, harms economic growth 

through declining human capital.      

Given the importance of wage inequality in the modern economy, this project is an empir-

ical exercise to investigate annual real wage inequality fairly comprehensively for the case 

of Canada using multiple data sources, including Census 2001, 2006, 2011, and 20161. 

When exploring the literature, a great number of insightful studies are available that have 

documented both theoretical and empirical aspects of inequality (e.g. Acemoglu (1999); 

Borjas and Ramey (1995); Card (2009); Kremer and Maskin (1996)). 

However, to the best of my knowledge, an investigation of Canadian wage inequality 

across and within industries has not been reported in the literature. In addition, when con-

sidering inequality across locations (e.g. across provinces or metro areas), only few studies 

can be found for Canada. Moreover, it seems that no study has been conducted to quantify 

the effect of interprovincial migration on Canadian wage inequality. Therefore this exercise 

is an attempt to contribute to the literature by addressing the above-mentioned gaps in 

which a general literature review is discussed, followed by three empirical essays.  

                                                 

1 Please note that only observations for the year prior to Census reference week is included in the statisti-
cal analysis (i.e. 1995, 2000, 2005, 2010 and 2015). 
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The first essay (Chapter 3) is a two-round empirical analysis that concerns wage inequality 

when industries are the unit of study. In the first round, the goal is to explore the pattern of 

wage inequality among workers (employed and self-employed, full-time and part-time) 

within and between Canadian industries. And the second round aims to explore the deter-

minants of inequality within these industries. Thus, a pooled OLS regression is imple-

mented in which the within-industry Theil’s values from first-round serve as a dependent 

variable in the second stage. Literature suggests that industries with larger market concen-

tration (monopoly power) pay a premium (Gera and Grenier, 1994), but it is not clear to 

what extent it affects wage inequality (e.g. Theil’s index) in particular within the industry 

itself (i.e. among the workers of the sector). To address this challenge, first, sectoral mo-

nopoly power is estimated using a creative and insightful methodology introduced by Hall 

(2018) that employs aggregate data (multifactor productivity dataset) to extract Lerner’s 

values for each industrial group to proxy for monopoly power. Next, the estimated Lerner’s 

values will be included in the regression analysis to find out whether it has any impact on 

wage inequality within industries.  

Regarding the spatial aspect of inequality, the effect of several determinants have been 

documented in the literature, but no study has specifically measured the effect of average 

city rent (ACR) and regional growth clusters (RGCs). ACR is an index introduced by 

Beaudry et al. (2012) that captures the composition of high-pay and low-pay industries in 

an economy. In their framework, they show that a larger composition of high-pay industries 

would boost the wages in other industries through general equilibrium. RGCs are also an-

other element to consider when studying wage inequality at the CMA level as it is found 



 Chapter 1  12 

 

 

to be an important determinant of wage inequality within CMAs. Identifying RGCs re-

quires a statistical test that will be explained in Chapter 4. This variable is supposed to 

control for the impact of economic growth at the regional level on urban wage inequality. 

Therefore, the second essay is intended to investigate the effect of these factors, for the 

first time, as a potential determinant of inequality within CMAs.  

In line with the first two essays, the third area of study concerns the effect of interprovincial 

migration on wage inequality, which has not been addressed in Canadian literature. This 

discussion aims to quantify the effect of interprovincial migration on wage distribution 

(using wage densities) and wage inequality (measured by Theil’s values) across Canadian 

provinces. Equally important, another goal is to discover the implications that interprovin-

cial migration has for specific skill groups (skilled vs unskilled proxied by education) with 

respect to wage destines and inequalities. To achieve these goals, a counterfactual frame-

work is used that was developed by DiNardo and Lemieux (1996). In this method, wage 

inequality and densities are estimated in the absence of migration to obtain estimations of 

counterfactual wage densities and Theil’s values. With the estimated output in hand, a 

comparison between observed wage densities (and inequality) with estimated wage densi-

ties (and inequality) is made to extract the effect of migration on wage structure in Canada 

and across skill groups.  
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Chapter 2  

General Literature Review  

The subject of income inequality or wage inequality (as a component of income) began to 

receive a great deal of attention among practitioners when rising inequality was detected 

in the 1980s. Since then, a great number of studies have attempted to explore the pattern 

of inequality along certain portions of income distribution as well as the causes of wage 

inequality among workers. What follows provides a general overview of selected papers 

that have shaped our general understanding of income (or wage) inequality in the U.S. or 

in Canada within the last four decades. 

2.1 Past Studies of Income Distribution 

Figure 2-1 illustrates the average Gini coefficient for OECD countries for mid 1980s and 

2012. It demonstrates that rising inequality became almost pervasive among OECD coun-

tries as the OECD-average of Gini coefficient increased by 10% from 0.29 in the mid-

1980s to 0.316 by the late 2000s. (OECD, 2011).  
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Figure 2-1. Inequality increased in most OECD countries 

Focusing on Canadian inequality, Saez and Veall (2005) provide a comparative and histor-

ical analysis of the pattern of inequality for Canada and the U.S. They find that the pattern 

of inequality in Canada is very similar to that in the US, especially at the top of the income 

distribution. They show that both the U.S. and Canada experienced a sharp drop in the top 

0.1% income share during World War II with no recovery before the 1970s. Since the 

1980s, however, the top group reached its prewar levels.  

Complementary findings are also documented by Yalnizyan (2011). She carries out a his-

torical and statistical examination of Canadian income inequality from 1920 to 2010 and 

compares Canada today with the Gilded Age a century ago. She shows that Canada’s top 

1% accounted for 32% of income growth between 1997 and 2007, a period marked by 

moderate economic growth. However, the share of Canada’s top 1%  in the 1950s and 60s 

(a period with the fastest economic growth ever recorded) was only 8%.    
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2.2 Determinants of Inequality 

A large number of factors can be found in the literature that have been examined as deter-

minants of inequality or rising inequality since the 1980s. As Lemieux (2006) points out, 

one very well-known hypothesis in this field is Skilled-Biased Technological Change 

(SBTC), proposed in a series of studies during the 1990s (e.g. Berman et al. (1994); Juhn 

et al. (1993); Katz and Murphy (1992)). However, later, Card and DiNardo (2002) cast 

serious doubt on this widely-accepted view and conclude that while SBTC is somewhat 

able to explain the rising inequality during the 1980s, it fails to account for the much 

smaller change in the 1990’s inequality despite the strong supporting evidence of techno-

logical advancements during that period.  

In contrast with the SBTC hypothesis, which recognizes the demand side of the labour 

market as the determinant of rising inequality, a supply view has been proposed as well. 

For instance, Kremer and Maskin (1996) express that growth in the dispersion and the 

mean of skill levels is the explanation for rising inequality. Acemoglu (1999, 2002) also 

takes a supply approach and argues that technological change is an endogenous response 

to a rise in the relative supply of skilled and unskilled workers.  

In addition to the SBTC hypothesis and the skill-supply view of inequality, earnings dis-

persion has been scrutinized from other aspects. Ongoing research includes the impact of 

international trade on national wage inequality. The idea here is that the trade of developed 

economies, which are relatively skill-abundant, with emerging economies, which are 

relatively scarce in skill, drives up the wage gap between skilled and unskilled workers 
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within the skill-abundant country, thereby raising inequality (Harrison et al., 2011).  This 

view can also be detected in Krugman (2008), who thinks of the changes in the pattern of 

trade since the early 1990s as an important source of rising inequality in the U.S. and other 

advanced economies.  

Another possible factor that can influence the magnitude of inequality is gender pay dis-

crimination documented in the literature (e.g. Blau and Kahn (2000) and Moyser (2017)). 

This challenge seems to be a more serious issue in the past as the female-male wage ratio 

was lowest around 60% in the early 1970s while as high as 88% in 2014 (Moyser, 2017).   

There are also studies that have measured the effect of education of inequality. For instance, 

Boudarbat et al. (2014) document that the education premium increased significantly from 

34% to 43% for Canadian men from 1980 to 2000. The same pattern also occurred for 

women but with a more modest rise. Supportive evidence is also found by Lemieux (2006b) 

who finds that most of the increase in wage inequality from 1973 to 2005 arises from a 

dramatic rise in the returns to post-secondary education. 

Immigration may also play a role in wag inequality, although , in practice, the impact of 

immigration on labour market outcomes (including wage inequality) seems to be contro-

versial. For example, Borjas (2003) develops a supply-view framework and estimates that 

immigrants negatively affect native wages, while using U.S. data Card (2009) finds that 

immigration has had a minimal effect on native wages, and its effect on inequality is low 

as well.  
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Labour market institutions, as in minimum wages and labour unions, have also been iden-

tified as contributing factors to wage inequality (Card et al., 2004; DiNardo and Lemieux, 

1996; Legree et al., 2016). In particular, while labour unions were considered to have an 

increasing effect on wage inequality prior to the 1980s, the modern view believes that la-

bour unions are expected to compress the wage gaps between high-wage and low-wage 

workers (Card et al., 2004). Unionization, however, seems to be less relevant to wage ine-

quality among female workers (DiNardo and Lemieux, 1996). 

Finally, noting that earnings are the product of the hourly wage rate and hours worked, 

Johnson and Kuhn (2004) investigate the role of hours worked and wage rates in inequality 

for male workers in the U.S. and Canada from 1981 to 1997. They find that most of the 

rise in earnings inequality is attributable to inequality in wage rates rather than to hours 

worked in both the U.S. and Canada. However, it seems that inequality in hours worked is 

starting to become more important as Checchi et al. (2016) find that the dispersion of hours 

worked are notably large across other countries,  i.e., 15% for the US, 29% for the UK, 

30% for France, and 34% for Germany.  

2.3 Concluding Remarks 

The discussion above was presented in a fashion to illustrate the overall evolution of re-

search in this field of study. It indicates that inequality is a wide subject, and new streams 

of research are emerging to broaden our understanding of wage inequality from different 

perspectives. A recently established literature is the study of inequality across firms or in-

dustries (e.g., Card et al. (2018)) which explores how industry differentials contribute to 
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overall wage inequality. Chapter 3 will proceed to this matter in more details and offers an 

empirical analysis of wage inequality for Canadian industries from 1995 to 2015. Further-

more, Chapter 4 will discuss another growing view of wage inequality, which focuses on 

the spatial aspect of wage inequality (e.g., Fong (2017)). An empirical analysis will also 

be provided in this chapter that examines the wage inequality within and between Canadian 

CMAs from 1995 to 2015 using Canadian Census 1996, 2001, 2006, 2011, and 2016. And 

lastly, in Chapter 5, a different stream of available studies will be discussed that deal with 

labor mobility and wage inequality. In particular, the effect of interprovincial migration on 

Canadian wage inequality will be under question in this chapter.    
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Chapter 3  

Wage Inequality for Canadian Industries: 

Investigating the Effect of Monopoly 

Power (1995-2015)  

3.1 Introduction 

An abundant amount of research has been conducted on the economic question of wage 

inequality in developed countries, including the U.S and Canada since the 1980s, when a 

rise in wage inequality was detected in most developing and developed countries (Pavcnik, 

2011).  

Early studies mainly focused on observable characteristics, in particular on skill, as the 

determinants of inequality (Berman et al., 1994; Bound and Johnson, 1992; Card and Free-

man, 1993; Katz and Murphy, 1992).  In the meantime, other studies examined wage struc-

ture from various perspectives such as productivity dispersion (Dunne et al., 2004), labour 

market institutions (DiNardo et al., 1996; Lee, 1999), labour market structure (Acemoglu, 
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1999; Borjas and Ramey, 1995; Kremer and Maskin, 1996), global trade (Breau and Rigby, 

2010; Wolfson and Murphy, 1998), immigration (Borjas et al., 1997; Card, 2009) and the 

gender gap (Blau and Kahn, 1994).  

However, little study has investigated inequality from an industrial point of view (i.e., wage 

inequality across and within industries). In fact, wages are generated in industries, and the 

way that these wages are distributed among workers should vary across and within indus-

tries over time for a variety of reasons. Some industries pay high wages, while others pay 

lower wages (Gera and Grenier, 1994). Some industries have strong labour institutions, 

while others have weaker ones (e.g., unionization rate varies significantly across industries 

as confirmed by data2). Some industries are exposed to international competition, while 

others are more local and less influenced by global factors (Borjas and Ramey, 1995).  

Studying inequality at the industry level is actually a growing view which concerns the role 

of firms or industries and their characteristics in inequality. This view was neglected until 

recently due to a lack of comprehensive microdata-sets by which the role of firms (or in-

dustries) could be better understood in earnings inequality (Song and Price, 2015). A recent 

study by Card et al. (2018) provides an insightful survey of two dominant approaches in 

quantifying the role of firms in wage structures, and also offer a theoretical framework 

which connects the two views.  

                                                 

2 Table  14-10-0132-01   Union status by industry 
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In particular, inspired by the SBTC hypothesis and the skill-supply view of Kremer and 

Maskin (1996), Acemoglu (1999, 2002), and Dunne et al. (2004) draw attention to the 

potential role of firms in inequality. Furman and Orszag (2015) also provide more evidence 

by studying inequality at the firm level in the U.S. Using various datasets, they find that a 

rising fraction of firms are receiving supernormal returns over 10, 20, or 30 percent annu-

ally with much of the return going to capital rather than to labour services.  

Another insightful study is that of Borjas and Ramey (1995).  In their study, they develop 

an oligopoly model of trade and concentration to explain the variations in the college pre-

mium in manufacturing industries that produce durable goods across U.S metropolitan ar-

eas. To test their hypothesis, the authors use a panel dataset of U.S. manufacturing indus-

tries and find that wages in such industries are higher than the national average and that the 

college premium is low. In other words, industries with larger concentration tend to share 

the rents among their skilled and unskilled workers more equally. Also, when those indus-

tries are open to international import (i.e. more competition or less market power), the 

college premium rises. 

Proceeding to the Canadian literature, Gera and Grenier (1994) use the 1986 Labor Market 

Activity Survey to test the effect of various factors on wage differentials. They find that a 

substantial portion of wage differentials was explained by rent sharing in the form of effi-

ciency wages. Comparing the public and the private sectors Mueller (1998) uses quantile 

regression to measure the government wage premium across the wage distribution. The 

results show that workers at the lower end of wage distribution enjoy a higher government 
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premium, while the effect fades away as the wage moves up the distribution.  Similar evi-

dence can be found in Palacios et al., (2016) who use the 2013 Labor Force Survey to 

measure the government-private sector wage differential. Their results show that govern-

ment workers at both the federal and provincial levels were paid 9.7% on average higher 

than their counterparts in the private sector but, when union status is taken into account, 

the wage premium declines to 6.2%.  

In summary, based on the discussion provided above, it can be understood that the indus-

trial dimension of inequality is understudied in the literature, particularly in the Canadian 

case. More importantly, no study has measured wage inequality within and between Cana-

dian industrial groups. Therefore, the first objective of this study concerns the magnitude 

and pattern of real wage inequality by industry. A second objective is to test the effect of 

potential determinants of within-industry inequalities where an interesting variable (indus-

trial Lerner’s index) turns out to be a significant determinant of within industry wage ine-

quality.  

To accomplish these goals, a two-round empirical analysis is considered. In the first step, 

within- and between-industry Theil’s values are computed using individuals’ wages from 

Census observations (excluding observations from PEI province) to uncover the overall 

real wage inequality pattern by industrial groups (industries are defined based on North 

American Industry Classification (NAICS) 2007 at the two-digit level).  

In the second round, the computed within-industry Theil’s values from the first stage are 

regressed over a number of independent variables to quantify the determinants of inequality 
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across industries. A novel variable in the regression analysis is Lerner’s index, which at-

tempts to measure the effect of monopoly power on the distribution of wages3 within an 

industry. Interestingly, it is found that industries with larger market power tend to distribute 

wages more equally. I believe this finding can be linked to rent sharing theories (e.g. in the 

form of efficiency wages within the industries), which is also noted in Gera and Grenier 

(1994), where they use it as an explanation on why substantial industrial wage differentials 

exist among Canadian industries. They find that a great deal of Canadian industrial wage 

differentials are explained by rent sharing, whereas other factors such as the gender gap, 

skill gap, and labour institutions are weak determinants of interindustry wage differentials.  

In addition to Lerner’s index, the regression equation is including other control variables 

constructed for industries using multiple data sources. These variables are comprised of 

labour union rate, export exposure, import exposure, innovation in industry (measured by 

the share of R&D and Computer expenditures in the total input of industry), job character-

istics, and demographic characteristics such as place of birth to proxy minority effects. 

These control variables have been found to be relevant in the inequality literature (to be 

discussed shortly below). The estimated coefficients turn out to be consistent with what the 

literature suggests. The only exceptions are a) the innovation variable whose significance 

is sensitive to model specification and has a negative sign, and b) the skill variable that has 

a consistent sign, but its significance is not robust to model specification.  

                                                 

3 wages and earnings are used interchangeably during the discussion. 



 Chapter 3  24 

 

 

Section 3.2 proceeds to data description and construction of variables. Section 3.3 explains 

the procedure for estimating Lerner’s index for individual industries. Theil’s decomposi-

tion technique is briefly described in section 3.4. Empirical findings are provided in section 

3.5. And section 3.6 concludes.     

3.2 Data Description and Variables 

Multiple data sources have been utilized to conduct the regression analysis in this study. 

Each data source serves to construct a variable or a set of variables of relevance that will 

be directly or indirectly included in the regression analysis. What follows provides a brief 

description of datasets and their contribution to the analysis.  

 Input-Output tables from Statistics Canada to construct trade variables and 

an innovation index: 

Input-output data from 1997 to 2015 are used to construct trade-exposure varia-

bles, i.e. export exposure and import exposure, for NAICS industries that will en-

ter in the regression equations separately as dummy variables.  

To calculate the export and import exposure indices for a given industry, I fol-

lowed the formula provided by Statistics Canada, which computes the trade share 

of each commodity in the output table4. Once the trade share of each commodity 

is obtained, it would be possible to calculate a weighted average of commodity 

                                                 

4 Please refer to section (vi) in https://www150.statcan.gc.ca/n1/pub/15-201-x/2010001/technote-
notetech1-eng.htm  
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trade shares for a given industry where weight is the share of that commodity in 

the output of that industry.  

To describe in more details, with this method, first, the import and export shares 

for each given commodity (in the output table rows) are calculated as shown be-

low:  

1. Import share of a commodity = (Total imports / Total domestic availabil-

ity) x 100 

2. Export share of a commodity = (Total exports / Total domestic availabil-

ity) x 100 

The domestic availability of a commodity is defined as total production less ex-

ports plus imports (assuming no inventory change). Next, for a given industry, the 

share of each commodity in the output of that industry is calculated to construct a 

weight variable. By multiplying the import share and export share of all the com-

modities with the corresponding weights (from the output table), I derived the 

weighted summation of those multiplications for that given industry resulting in 

new indices.  

With the new indices just calculated, I used their medians (as thresholds) to gener-

ate dummy variables. Those industries whose export and import indices are above 

the median are assigned a value equal to one, whereas the rest of industries take 

on a value of zero. The industry classifications in the input-output tables are dif-

ferent from that of the Census. To convert the input-output industries into 20 in-

dustrial groups based on the 2007 North American Industry Classification (NA-
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ICS 2007), I used the concordance table provided by the Statistics Canada web-

site5. Also, input-output industries that can be converted to NAICS are available 

only from 1997 onwards. Considering that the regression analysis is based on 

Census years (1996, 2001, 2006, 2011, and 2016), 1997 import and export indices 

are used for 1996.  

In addition to trade variables, the input table is used to derive the innovation index 

for a given industry from 1997 to 2015. Following the literature (Hall, 2014), us-

ing the input-definition of innovation (i.e. R&D expenditures, as well as computer 

usage in an industry), the innovation index is equal to those expenditures divided 

by the total inputs of that industry. Unfortunately, the definition of R&D in the 

Canadian input-output tables is not consistent over time, as it has changed since 

2000, and there has been no revision to the input-output tables according to Statis-

tics Canada. In this case, the estimated coefficients in the regression analysis need 

to be treated with caution.     

 Multifactor productivity accounts from Statistics Canada6, Commodity Price 

Indices from the Bank of Canada7, and Military expenditure from In-

dexMundi8 for sectoral Lerner’s index estimation: 

As stated in section 3.1, market power and rent sharing have implications for ine-

quality. As a result, Lerner’s index will be needed when measuring the effect of 

                                                 

5 https://www.statcan.gc.ca/eng/statistical-programs/document/1303_D7_T9_V1#tb1n_1  
6 https://www150.statcan.gc.ca/t1/tbl1/en/cv.action?pid=3610021701  
7 https://www.bankofcanada.ca/rates/price-indexes/bcpi/  
8 https://www.indexmundi.com/facts/canada/military-expenditure  
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market concentration (monopoly power) on earnings inequality within industries. 

The methodology for Lerner’s index calculations closely mimics that of Hall 

(2018). In his method, there is no need for plant-level data to calculate the market 

power of industries. On the contrary, his method requires only aggregate data 

from KLEMS multifactor productivity accounts at the industry level to calculate 

Lerner’s index for a given industry. Detailed explanations on data and methodol-

ogy are provided in section 3.3, along with Lerner estimation for Canadian indus-

tries from 1985 to 2015. Unfortunately, Canadian multifactor productivity ac-

counts are available for only 17 industrial groups, whereas there are 20 industrial 

groups in the Census (which is the database of my study). I will explain in more 

detail how these Lerner’s values will be used in the regression analysis, where 20 

industrial groups exist based on NAICS 2007.  

 Labor Force Survey (LFS) from Statistics Canada to construct the union 

share variable: 

In the Census dataset, there is no data available to learn about the union status of a 

worker. As a result, I utilized the monthly survey of the labour force (LFS) from 

1997 to 2015 to calculate the share of unionized workers for a given industry to 

match with Census years (i.e., 1995, 2000, 2005, 2010, and 2015). 9 Since LFS is 

a monthly survey, I used the average union rates over a 12-month period in a 

given year. In the survey, the union status of workers has been categorized into 

                                                 

9 Note that the union status of workers was not collected for prior years, therefore 1997 union shares will 
be used for 1995 to match with Census years.  
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three groups; a) covered by union b) not in a union but covered by a collective 

agreement and c) no coverage. I combined categories a and b in the construction 

of union shares.  

 Census to construct demographic variables and wages: 

Census 1996, 2001, 2006, 2011, and 2016 have been utilized to construct a series 

of demographic variables. The sample of observations included self-employed 

workers and employed workers who have held a part-time job or a full-time job as 

their main job in the year prior to Census reference week (i.e. observations for 

only 1995, 2000, 2005, 2010, and 2015). The Census also reports the annual 

wages (wages, salaries, and bonuses) of workers along with the province of re-

spondents. Therefore, the provincial consumer price index rather than GDP defla-

tor is used just to include more accurate values as real wages. These real wages 

are used for inequality decompositions (later in sections 3.4 and 3.5) where 

within-industry and between-industry Theil’s values are generated. 

With the chosen sample, for 20 industrial categories (based on NAICS 2007 defi-

nition), I created skill shares across all the industries. Skill is measured by educa-

tion degree attained (bachelor’s and above) following the literature (Card and Di-

Nardo, 2002). This variable is included to control for education effects on ine-

quality. I also created male shares across all industries. Such a variable is meant to 

control for any gender effects that may exist in relation to inequality (Blau and 

Kahn, 2000). Two more control variables are also added to the regression as sug-

gested by the literature: a) the Canadian-born share, measured as the share of 

workers who were born in Canada versus those who were born outside of Canada, 
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a variable meant to capture any potential influence that immigration may have on 

inequality (Picot and Hou, 2016; Warman and Worswick, 2016), and b) the full-

time ratio, measured as the share of workers who reported holding a full-time job 

versus those who reported holding a part-time job as their main job. A part-time 

worker is generally paid below a full-time worker as a result of the differences in 

their working hours (Simpson, 1986). Also, there has been a tendency, mainly due 

to labour market deregulation, for employers to expand their temporary and part-

time workforce (Peters, 2014). As a result, such a variable needs to be included in 

an inequality regression equation to control for the effects of job status (OECD, 

2008).          

3.3 Lerner Estimation 

In this section, I attempt to estimate the market power of industries, which will be used in 

the regression analysis as a variable of interest in section 3.5. The relation between market 

power and wage inequality is not known a priori, but at least it is known that a wage pre-

mium exists in industries with large concentration (Belman, 1988; Borjas and Ramey, 

1995; Gera and Grenier, 1994). To discover the exact relationship, therefore, a regression 

estimation is necessary that will be addressed in section 3.5.  

To estimate the Lerner’s values, as a proxy for market power, I have mimicked Hall’s 

methodology (Hall, 2018). I need to mention that Hall has made his Matlab codes publicly 
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available on his website10.  In his method, Hall uses the micro definition of Lerner’s index 

to derive an equation that requires only aggregate data for estimation of Lerner’s index. 

Cost is defined as � = ∑ (����)�  with technology � = ��(�). Given that Lerner’s formula 

is ℒ =
����

�
, with some extra algebra he produces an interesting equation as follows:  

Δ log(y) − � ��Δ log(��) = ℒΔ log(y) + (1 − ℒ)

�

Δ log(A)                       equation 3 − 1 

where  �� =
����

��
. The left-hand side of this formulation is actually the Solow residual cal-

culated in the productivity accounts (Hall 2018). With a time-series or panel data, one can 

treat ℒ as a parameter to be estimated. The only issue left to address is the correlation 

between productivity and output. To control for such issues, Hall uses instrumental varia-

bles. These instrumental variables need to be a driver of y but not affected by y. Military 

purchases of equipment, military purchases of ships, military purchases of software, mili-

tary expenditure on R&D, and oil prices are the instrumental variables that Hall has used 

in his study.    

Following Hall’s method, I will use the same procedure to estimate Lerner’s value for two-

digit industries based on NAICS 2007. Having said that, I will have to use a different set 

of instrumental variables simply because a breakdown of military expenditures is not avail-

able for Canada; only total expenditures are available through IndexMundi. As a result, 

commodity prices and total military expenditures will be used as instrumental variables in 

                                                 

10 https://web.stanford.edu/~rehall/Recent_Unpublished_Papers.html  
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this study. Commodity prices include an energy price index, a metal and minerals price 

index, a forestry price index, an agriculture price index, and a fish price index. All of these 

commodity price indices are available on the Bank of Canada website11. Multifactor 

productivity data is also available online on the Statistics Canada website12. Such data is 

available for only 17 industrial groups based on the North American Industry Classification 

at the two-digit level. 

Figure 3-1 illustrates the instrumental variables that were used in the estimation process. 

In the first stage of regression with the OLS model, the instruments were able to account 

for 67% of the variation in output growth from 1986 to 2015. In Hall’s work, the corre-

sponding value is 59%.  

 

Figure 3-1. Instrumental variables for GDP 

                                                 

11 https://www.bankofcanada.ca/rates/price-indexes/bcpi/  
12 https://www150.statcan.gc.ca/t1/tbl1/en/cv.action?pid=3610021701  
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The next step concerns the estimation of Lerner’s index. Table 3-1 reports the estimated 

values for 17 NAICS industries. Similar to Hall’s findings, some of my estimated Lerner’s 

values are negative, whereas the true values of Lerner’s must be non-negative by definition. 

Hall argues that such a problem arises due to data noise and measurement errors. To dis-

entangle the measurement errors, he specifies that � = ℒ + � where � is the estimated val-

ues of Lerner’s, ℒ is the true values, and � captures sampling error. To discover the effect 

of sampling error and data noise on the estimated values, he assumes that the true values 

of Lerner’s index are distributed as beta(�, �) with density proportional to ℒ(���)(1 −

ℒ)(� ��) ��� ℒ Є [0,1].  

Figure 3-2 shows the histogram for measurement errors from my results for Canada. It is 

evident that there is a good deal of noise around zero, and also around -0.3, consistent with 

Hall’s findings and leading to his conclusion that all the negative values are attributed to 

measurement errors. Furthermore, Figure 3-3  plots the fitted values versus actual values 

(the convolution of ℒ ��� �) with a pretty good fit.      

Table 3-1: Estimated Lerner’s values by two-digit sectors 

Sector name 
Lerner in-

dex 
Bootstrap 

standard error 
Finance, insurance, real estate and renting and leasing -0.38 0.32 
Administrative, waste management and remediation services -0.13 0.14 
Construction -0.08 0.05 
Mining and oil and gas extraction 0.03 0.23 
Accommodation and food services 0.04 0.25 
Health care and social assistance (except hospitals) 0.10 0.28 
Manufacturing 0.14 0.02 
Professional, scientific and technical services 0.16 0.11 
Information and cultural industries 0.17 0.09 
Other services (except public administration) 0.17 0.18 
Wholesale trade 0.26 0.09 
Retail trade 0.29 0.11 
Arts, entertainment and recreation 0.32 0.27 
Transportation and warehousing 0.39 0.13 
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Educational services (except universities) 0.44 0.17 
Agriculture, forestry, fishing and hunting 0.48 0.08 
Utilities 0.87 0.38 

 

 

Figure 3-2. Distribution of measurement errors 

 

Figure 3-3. Actual cumulative frequencies of estimates and calculated cumulative distribution func-
tions from the statistical model 
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In addition to Lerner’s values estimated, Hall’s method also estimates a growth coefficient 

for each industry to reflect the average variation of sectoral Lerner values over time. With 

Canadian data, Table 3-2 presents the growth coefficients for the same industries. Of the 

17 sectors, 12 sectors have been experiencing a decline in market power over time, includ-

ing the utility sector, which had the highest Lerner’s value in the previous table. On the 

other hand, monopoly power has been rising for the other five industrial sectors, i.e. Man-

ufacturing, Finance, insurance, real estate and renting and leasing, Construction, Wholesale 

trade, and Health care and social assistance.  

Table 3-2: Estimated growth rate of monopoly power by sector 

Sector name Growth coefficient ( ψ) Standard error 
Utilities -0.05516 0.02523 
Other services (except public administration) -0.02554 0.01439 
Transportation and warehousing -0.02393 0.00802 
Arts, entertainment and recreation -0.0214 0.03115 
Administrative, waste management and remediation services -0.01665 0.01357 
Mining and oil and gas extraction -0.01533 0.01575 
Educational services (except universities) -0.01488 0.01823 
Accommodation and food services -0.01124 0.01438 
Professional, scientific and technical services -0.00638 0.0094 
Agriculture, forestry, fishing and hunting -0.00343 0.00712 
Retail trade -0.00189 0.00942 
Information and cultural industries -0.00101 0.00699 
Manufacturing 0.002426 0.00193 
Finance, insurance, real estate and renting and leasing 0.003675 0.01431 
Construction 0.004139 0.0052 
Wholesale trade 0.011964 0.00982 
Health care and social assistance (except hospitals) 0.029689 0.02363 

 

With the Lerner’s values and the growth coefficients just estimated for an individual sector, 

it is possible to calculate the Lerner’s values from 1995 to 2015 (to match it with Census 

years). Given that the time period for Lerner estimation is from 1986 to 2015, the year 2000 

is selected as the base year (because it is in the middle of the time period) to which the 



 Chapter 3  35 

 

 

estimated Lerner’s values in Table 3-1 are assigned. Subsequently, the Lerner’s values are 

calculable for other years using the growth coefficients.  

These newly generated values will be used in my main regression analysis. The only issue 

left is that here I have only 17 industry groups, whereas in the Census 20 industry categories 

are reported. More specifically, Multifactor productivity data combines the Finance and 

insurance industry (NAICS 51) with Real estate and rental and leasing industry (NAICS 

53). Also, Management of companies and enterprises (NAICS 55) along with Public ad-

ministration (NAICS 91) are missing in Multifactor Productivity accounts that cause miss-

ing values in the Lerner’s variable. For the regression analysis, the same Lerner’s values 

for both NAICS 51 and NAICS 53 are considered. As for the missing industries (i.e. NA-

ICS 55 and NAICS 91), I used the average of all the estimated Lerner’s values to fill the 

rest of the missing values.    

3.4 Theil’s Decomposition Method 

To break down inequality by industry, Theil’s technique introduced by Shorrocks and Wan 

(2005) is applied to industrial groups. Alternative approaches such as regression-based de-

composition, the coefficient of variation (CV), variance of log wages, 90/50 and 50/10 

percentiles, and the Gini index are also available in the literature to quantify the industry 

aspects of income inequality, but the most consistent and commonly-used inequality indi-

cator for decomposition purposes belongs to the entropy family popularized by Theil 

(Akita, 2003; Shorrocks and Wan, 2005).  
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Decomposition of inequality by industry requires partitioning the sample into a set of 

groups, and then calculating two components of aggregate inequality: 1) a within-group 

component which captures the inequality within the group (or between the members of the 

group, here the industrial sector as a group); and 2) a between-group component which 

captures the inequality due merely to variation across groups (Shorrocks and Wan, 2005).  

The industry decomposition of inequality is typically conducted by using Theil indices, T 

and L. The T index uses income shares as weights while the L index uses population shares 

as weights. The T index is, thus, more sensitive to the changes in richer regions, while the 

L index is more sensitive to the changes in poorer regions (Akita, 2003). What follows will 

concisely explain the decomposition method. Please note that the original method devel-

oped by Shorroks and Wan (2005) uses spatial units as subgroups for decomposition pur-

poses, but their method is applicable to any type of subgroup, including industrial sub-

groups (Galbraith and Hale, 2014). As a result, I will use the original decomposition 

method to quantify the contributions of industries to inequality. According to Theil’s indi-

ces, the earnings inequality of an economy is defined in equations (3-2) and (3-3). 

1
lni i

i

y y
T

N  
   (equation 3-2) 

1
ln

i i

L
N y


   (equation 3-3) 

 i

i

y

N
   (equation 3-4) 
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where T and L are the Theil inequality indices, N is the total population, iy  is the income 

of individual i, and  is the mean income of the total population.  

I will start with the decomposition of the first index, T. As Shorroks and Wan state, the 

intuition behind this decomposition is as follows. At the individual level in an equal econ-

omy, the individual’s share of total income should be equal to the individual’s share of the 

total population.  At the industry level in an equal economy, an industry’s share of income 

(resources) in total income (resources) should be equal to the industry’s share in total pop-

ulation (employment). Put differently; if an industry makes up 10% of the total employ-

ment, in an equal economy, it should own 10% of all available resources across all indus-

tries.   

Plugging equation (3-4) in (3-2) and some simple manipulation leads us to the following 

equation:  

ln( )
1

i

i

i

y
y YT
Y

N

   (equation 3-5) 

Clearly, T is comparing the income share of an individual (yi/Y) with the population share 

of that single individual (1/N). Assuming that the total population is partitioned into j in-

dustries, it can be shown that the industrial decomposition of overall inequality, T, can be 

achieved through the following: 
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where ln( )
1

ij

ij jj
WR

i j
j

y
y Y

T
Y

N

  (equation 3-7) 

In equation 3-6, j
WRT  is the inequality within only industry j; the first term in the right-hand 

side is the overall within-industry inequality, WRT ; and the second term is the between-in-

dustry inequality BRT . Therefore, expression BRT

T
enables us to measure to what extent the 

industrial disparity contributes to overall inequality. Furthermore, since the decomposition 

is an additive function, it is also possible to extract the inequality share of a single industry 

as within- and between-components of inequality.   

With respect to the L index, Shorrocks and Wan (2005) propose a method by which the 

inequality index can be decomposed into both within and between components. The fol-

lowing counter-factual questions can illustrate the intuition behind this decomposition; 

How much inequality would occur if industrial income differences are the only sources of 

inequality?”  Put differently, to capture the between-component of inequality, the authors 

replace the income of each individual with the mean income of their respective industry. 

In this regard, the only source of inequality comes from industrial disparities resulting in 

mean-income differences across industries.  
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Let the set of individuals be partitioned into m subgroups  ( 1,2,.., )kN k m , with corre-

sponding income vector 
ky , mean incomes k , population sizes kn , and population shares 

k
k

n
n

   where n is the total population. Thus, it can be shown that the L index is decom-

posable to the following within and between elements: 
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  is 

the between-group contribution to overall inequality, which is obtained by replacing the 

income of each person with the mean income of the corresponding group. As in the T index, 

the L index is additively decomposed. Thus, it enables us to quantify the industry contri-

bution of any single industry to overall inequality. 

3.5 Empirical Analysis 

The empirical process is composed of two phases. In the first stage, individual wages de-

flated by the provincial consumer price index are considered to calculate the T index for 
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all observations. Simultaneously, overall inequality is broken down by industry into two 

components, a between-industry component and a within-industry component. The results 

of the first round are presented in Figure 3-4, Table 3-3, and Table 3-4. In the second round, 

a pooled OLS regression is conducted in which within-industry wage inequality (obtained 

from the first stage) serves as a dependent variable. Independent variables constitute sev-

eral relevant determinants (including Lerner’s index) that have been generated from the 

data sources mentioned above. Results of OLS regression are reported in Table 3-5. 

3.5.1 Inequality Trend and Decomposition by Industry  

Figure 3-4 plots the evolution of overall wage inequality across Canada (excluding obser-

vations from PEI) from 1995 to 2015. As shown, the T-value increased from 0.73 in 1995 

to 0.82 in 2005 (12% growth). By 2010, the T-value had decreased back to its 2000 level 

at 0.76 before increasing to 0.79 in 2015. The graph also demonstrates the breakdown of 

T-index by industry, i.e., within-industry and between-industry inequalities. As is evident, 

most of the overall inequality has to do with the within-component of inequality. The con-

tribution of within-component and between-component to overall inequality is given in 

Table 3-3. It is shown that 90% of the overall inequality is attributable to the within-indus-

try component, whereas the share of the between-component is around 10% in each Census 

year. But it is notable that the between-industry inequality has increased by 10% from 1995 

to 2000, remained unchanged through 2010, and increased by another 10% from 2010 to 

2015.  
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Figure 3-4. Theil’s index with decomposition across Canada 

 
Table 3-3: Share of within- and between-industry components in overall inequality 

  Year Within-Industry Between-Industry 
1995 91% 9% 
2000 90% 10% 
2005 90% 10% 
2010 90% 10% 
2015 89% 11% 

 

In addition, within-industry T-values are provided in Table 3-4. The average T-values of 

all the industries for each year are also provided at the bottom of the table. Over the course 

of 20 years, Agriculture, forestry, fishing, and hunting sector, as well as Mining (mining 

and oil extraction) sector, have had large levels of earnings inequality. And their inequality 

trend has remained relatively stable over time as there is only a 5% and 8% decline in their 

T-values by 2015, respectively. Large T-values can also be observed in the Management 

of companies and enterprises sector, although its measure of inequality has sharply dropped 

by 2005. Despite a 32% decline in its T-value, earnings inequality remains to be high in 

Management of companies and enterprises sector as the corresponding 2015 T-value is 
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0.85. The Finance and insurance sector, along with Real estate, rental and leasing experi-

enced a low level of inequality in 1995, but these sectors have undergone a sharp increase 

in their T-values of 42% and 46% by 2015, respectively. Also, their T-values reached high 

levels at 0.86 and 0.97. Arts, Entertainment, and Recreation also have high T-values with 

a relatively small upward change in the 20-year time period. Despite a high T-value for the 

Accommodation and Food Services sector in 1995, it ranked below the average level in 

2015. Furthermore, the Retail trade sector has constantly scored high T-values, with a rel-

atively stable trend. On the contrary, there exist several other sectors that have had low T-

values over time, including Information, the Professional, Scientific, and Technical sector, 

Public Administration, Health Care and Social Assistance, Educational Services, and 

Transportation and Warehousing.  

Table 3-4: Within industry wage inequality 

NAICS Industry (two-digit level) 1995 2000 2005 2010 2015 
20-year 
growth 

rate 
Agriculture, Forestry, Fishing and Hunting 1.83 1.88 1.87 1.81 1.74 -5% 
Mining, and Oil Extraction  1.26 1.32 1.51 1.42 1.17 -8% 
Utilities 0.56 0.60 0.62 0.69 0.60 8% 
Construction 0.77 0.76 0.90 0.82 0.75 -3% 
Wholesale Trade 0.63 0.63 0.72 0.61 0.69 9% 
Information 0.44 0.54 0.56 0.53 0.53 19% 
Finance and Insurance 0.59 0.74 0.87 0.71 0.84 42% 
Real Estate and Rental and Leasing 0.66 0.71 0.96 0.77 0.97 46% 
Professional, Scientific, and Technical 0.58 0.57 0.65 0.59 0.61 5% 
Management of Companies and Enterprises 1.25 0.82 1.04 0.96 0.85 -32% 
Administrative and Waste Management 0.65 0.71 0.76 0.72 0.75 15% 
Educational Services 0.61 0.59 0.61 0.60 0.58 -6% 
Health Care and Social Assistance 0.67 0.68 0.67 0.66 0.63 -6% 
Arts, Entertainment, and Recreation 0.95 0.93 0.92 0.98 1.02 7% 
Accommodation and Food Services 0.87 0.85 0.89 0.81 0.76 -12% 
Other Services (except Public Administration) 0.75 0.73 0.71 0.71 0.69 -7% 
Public Administration 0.53 0.53 0.50 0.52 0.49 -8% 
Manufacturing 0.68 0.70 0.74 0.71 0.73 6% 
Retail Trade 0.82 0.85 0.92 0.83 0.89 8% 
Transportation and Warehousing 0.61 0.61 0.66 0.61 0.65 6% 
Average of all industries 0.79 0.79 0.85 0.80 0.80 0.04 
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3.5.2 OLS Regression Analysis at Industry Level  

Regression model:  

At this point, the second stage of estimation is implemented in which the dependent varia-

ble is the log of within-industry inequality values provided by the T index, as presented 

above13. The explanatory control variables include demographic and non-demographic var-

iables. Given that the industry fixed effects are already extracted in the first stage, a pooled 

OLS regression (rather than a panel regression) is implemented in the second step with the 

following equation: 

log����� = � + ������ + ���������� + ��������ℎ����� + ������������������

+ ������������������ + �������������ℎ����� + ������������ℎ��

+ ���������ℎ��� + ��� 

where ��� represents the T index for industry j at time t, ���� is a time dummy variable, 

������ proxies for sector monopoly power, ������ℎ��� measures the share of union 

members for industry j at time t, �������������� measures the extent with which indus-

try is exposed to international import, �������������� controls the exposure of industry 

to export, �����������ℎ��� measures the share of computer and R&D expenditures in 

industry j at time t, ����������ℎ measures the output growth of a given industry over 

                                                 

13 Scatter plots of the dependent variable with independent variables are available in Appendix I 
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time, and ��������ℎ� is composed of demographic variables (male share, skill-share 

proxied by education share, foreign-born-share, full-time share) and their interactions. Pa-

rameters �, �, ��� � are to be estimated.                                        

Regression results: 

The results of pooled OLS regression are provided in Table 3-5. Two sets of models are 

reported; model I and model II. Model I is the basic model, whereas the second model 

includes the interaction of demographic variables. The reason that I am adding the interac-

tions is that a group of workers with a specific characteristic may have an advantage over 

another group with a different characteristic. For instance, a skilled worker may have a 

higher chance of finding a full-time job versus an unskilled worker (Foley and Green 2016). 

Moreover, the chances that a Canadian-born worker holds a fulltime job could be higher 

compared to a foreign-born worker integrating into the Canadian labour market. Or, there 

may exist wage differentials between Canadian skilled workers versus foreign-born skilled 

workers, and therefore such a gap may impact the T-values. 

Table 3-5.  

Independent variables 

Model I Model II 

Coefficient 
(Robust Std. Err.) 

Coefficient 
(Robust Std. Err.) 

Time 
0.0567*** 

(0.01) 
0.063*** 
(0.016) 

Lerner 
-0.195** 

(0.08) 
-0.227** 

(0.10) 

Union share 
-0.008*** 

(0.001) 
-0.004** 
(0.001) 

Export exposure 
0.231*** 

(0.06) 
0.2*** 
(0.06) 

Import exposure 
0.09** 
(0.04) 

0.09*** 
(0.03) 

Innovation index 
-0.0003*** 

(0.0001) 
-0.0001 
(0.0001) 

NAICS growth 0.074 0.14 
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(0.12) (0.10) 

Male share 
-0.002 
(0.001) 

-1.7*** 
(0.45) 

Canadian-born share 
0.034*** 
(0.005) 

-0.783*** 
(0.232) 

Full-time share 
-0.002 
(0.002) 

-0.624*** 
(0.233) 

Skill share 
0.002 

(0.001) 
-4.07*** 

(0.84) 

Constant 
-2.74*** 

(0.48) 
60.8*** 
(18.3) 

Male share X Canadian-born Share  
0.022*** 
(0.005) 

Male share X Full-time share  
0.018*** 
(0.005) 

Canadian-born Share X Full-time share  
0.008*** 
(0.003) 

Male share X Canadian-born Share X Full-
time share 

 
-0.0002*** 
(0.00006) 

Male share X Skill share  
0.097*** 
(0.021) 

Canadian-born Share X Skill share  
0.053*** 

(0.01) 
Male share X Canadian-born Share X Skill 
share 

 
-0.001*** 
(0.0002) 

Full-time share X Skill share  
0.045*** 
(0.009) 

Male share X Full-time share X Skill share  
-0.001*** 
(0.0002) 

Canadian-born Share X Full-time share X 
Skill share 

 
-0.0005*** 

(0.0001) 
Male share X  Canadian-born Share X 
Full-time share X Skill share 

 
0.00001*** 

(3.1e-06) 
R-square 0.73 0.81 
F(11,68) 17.5  
F(22,57)  21.79 

*Statistical significance of the estimates for 10% 
**Statistical significance of the estimates for 5% 
***Statistical significance of the estimates for 1% 

 

Table 3-6: Margin effects of demographic variables after accounting for interaction terms 

Variable dy/dx p-value 
Male share -0.003 0.06 
Canadian-born share 0.032 0.00 
Full-time share -0.01 0.02 
Skill share -0.004 0.08 
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Focusing on the first model, most of the estimated coefficients are statistically significant 

at the conventional confidence intervals. Starting from the first variable, the estimated co-

efficient indicates that inequalities within industries increase by 5.6% on average every 

five years, which confirms the rising trend of Canadian earnings inequality over time as 

documented in (Gray et al., 2003; Pavcnik, 2011) even when other explanatory variables 

are considered.   

The next variable is the Lerner index. Consistent with rent sharing explanation (Borjas and 

Ramey, 1995; Furman and Orszag, 2015; Gera and Grenier, 1994), the estimated coeffi-

cient turns out to be negative. It indicates that a larger monopolistic power of an industry 

is partially correlated with lower inequality within industries. The estimated parameter in-

dicates that one basis point increase in the Lerner’s index (i.e., a change of 0.01 in Lerner’s 

value) is associated with a 0.19% decrease in within-industry inequality.  

Assuming that rent-sharing and efficiency wages can, too, be practiced at sector level (not 

just at firm levels), and by considering only the returns to labour input (i.e., ignoring the 

returns to capital), the estimated coefficient implies that industries with larger monopoly 

power tend to share the labour portion of the monopolistic gains with their workforce more 

equally.    

The union variable also seems to reduce inequality as implied by the estimated parameter. 

A one unit increase in the percentage of workers covered by unions is associated with a 

0.008% decrease in within-industry inequality. This finding is consistent with what is gen-

erally expected from the literature (Card et al., 2004). Trade variables are next in the queue. 
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Both of them positively impact inequality, a result that is generally expected by the litera-

ture (Krugman, 2008). Industries with more exposure to exports or imports would experi-

ence larger inequality. Industries with greater exposure to exports experience a 0.23% in-

crease in their within inequality, whereas industries with more exposure to imports experi-

ence a 0.09% higher within inequality.      

The innovation index, surprisingly, seems to have a negative impact on inequality. In other 

words, industries with a larger share of R&D and computer expenditures in their inputs 

experience a lower level of inequality. The significance of the innovation variable, how-

ever, is sensitive to model specification. In comparison with the literature, this finding is 

inconsistent because the literature generally expects a positive relationship (Breau et al., 

2014). As mentioned earlier, this may have to do with the way the innovation has been 

defined. Following the literature (Hall, 2014), the input definition of innovation was chosen 

as a proxy, i.e. R&D and computer expenditures, whereas previous studies have used out-

put definitions of innovation (e.g. patent data). Moreover, innovation has been measured 

across geographic areas in previous studies, whereas my unit of study is the industry. Last 

but not least, the definition of R&D has changed over time, which might cause measure-

ment errors in my estimations as well. As a result, the innovation coefficient needs to be 

treated with caution.  

The next variable is the rate of industry growth which is measured by the growth rate of 

industrial output over time. It is expected that a larger growth rate would result in a higher 

level of inequality as the gains from growth may not be equally distributed. Even though 
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the sign of the coefficient matches with expectations, the estimated coefficient turns out to 

be statistically insignificant.  The other factors above matter more according to my results. 

Next comes the demographic variables. The results are mixed and sensitive to model spec-

ification. Male ratio, to control for gender effects, is only marginally significant at 10% 

confidence interval. The estimated parameters for the skill share and fulltime share varia-

bles are also statistically insignificant. However, all of these variables become statistically 

significant when interaction terms for the demographic variables are included in the second 

model. More explanations will be provided for these variables once I get to the second 

model.  

With respect to the effect of place of birth, the estimated parameter is robust to model 

specification. Industries with a larger share of Canadian-born workers would experience a 

larger level of inequality. According to the estimated coefficient, a one basis point increase 

in the share of Canadian-born workers in an industry would cause the within industry ine-

quality to rise by 0.034%. Few alternative interpretations can be made about this positive 

relation. The relation is positive perhaps because earnings inequality is large among Cana-

dian-born workers of an industry due to unobservable characteristics. Alternatively, the 

reason may be associated with the sufficiently large earnings gaps that exist between im-

migrants and native-born workers (Block et al., 2019). Another interpretation could be 

made about this relation if we looked at it the other way around. As the estimate shows, an 

increase in the share of foreign-born (rather than native-born) workers is tagged with a 

lower level of earnings inequality within that industry. This relationship sounds convincing 
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when one comes to realize that the economic outcomes of immigrants have been improving 

as a result of the changes to immigration policies since the 2000s (Picot and Hou, 2016).  

A second model of regressions has been carried out as a supplement that allows for the 

interaction of demographic variables. Table 3-5, Model II reports the estimation results 

with new variables added. Although the magnitude of the estimated coefficients somewhat 

varies across the two models, all the non-demographic variables are robust to new specifi-

cations in terms of both significance and coefficient signs. The only exception is the inno-

vation index, which was significant in the first model but became insignificant in the sec-

ond model.  

As for the demographic variables, the skill share and fulltime share variables became sta-

tistically significant when the interaction variables are included in the model. With the 

interaction variables included in the regression model, the “margins” syntax in Stata is 

considered to measure the average marginal effect of the demographic variables14. These 

margin effects have been reported in Table 3-6. The margin effects are significant at con-

ventional 5% and 10% confidence intervals, as shown by the p-values. 

With respect to the relation between within-industry wage inequality and skill share (share 

of workers with bachelor’s degree or above), the sign of the variable is consistent with 

                                                 

14 The margins command estimates margins of responses for specified values of covariates and presents 
the results as a table. It is a handy syntax in particular when regression equation carries a set of interac-
tion variables. The marginal effect of variable x on variable y (i.e., dy/dx) in my calculations are set at the 
means of x and y.  
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SBTC argument suggesting that improvements in human capital at industry level are asso-

ciated with a reduction in within-industry wage inequality. One basis point increase in the 

share of skilled workers within an industry (i.e., a change of 0.01 unit in skill share) de-

creases the earnings inequality by 0.004% within that industry. The effect seems to be small 

also consistent with recent studies by Foley and Green (2016), and  Fortin and Lemieux 

(2014) who leave only small room for the role of skill in Canadian earnings inequality, 

mainly due to a boom in the energy regions which benefited mostly low skilled workers. 

If that’s the case, then it perhaps makes sense that the estimated coefficient is insignificant 

in the first model, as the time period of my study also coincides with the energy boom era.  

Considering the male-female effect, a one basis point increase in the share of male workers 

in an industry causes the within-industry inequality to decrease by 0.003%. In other words, 

in industries dominated by male workers, wages are distributed more equally than in in-

dustries with fewer men and more women. This finding implies that either inequality is 

larger among female workers so that a rise in their share in the workforce drives up the 

inequality, or that a sufficiently large gender gap may exist between male and female work-

ers (Blau and Kahn, 2000) such that a rise in the share of female workers causes an unequal 

distribution of wages due to the gender gap. A combination of these two factors may also 

be relevant.     

And lastly, the effect of part-time work is positive on within industry earnings inequality. 

One basis point increase in the share of workers with part-time job status would increase 

the within-industry earnings inequality by 0.01%. Although only a few Canadian studies 

are available with respect to this subject (relation between part-time work and inequality), 
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it seems that a positive relationship between earnings inequality and part-time job status is 

expected in the literature (Peters, 2014; Simpson, 1986; OECD, 2008), an expectation con-

sistent with my finding.  

3.6 Conclusion  

This empirical study intends to investigate various determinants of real wage inequality for 

two-digit Canadian industries for the years 1995 to 2015 using Census 1996, 2001, 2006, 

2011, and 2016. Empirical results demonstrate that industry differentials account for about 

10% of Canadian wage inequality in each census year, while the rest of inequality were 

attributed to variations within industries. Using the computed within-industry inequalities 

(measured by Theil’s index) as a dependent variable, an OLS regression was undertaken 

to test the impact of several demographic and non-demographic determinants. Multiple 

sources of data have been used to create variables of interest. What follows briefly sum-

marizes the findings and provides insightful implications.  

A variable, not examined in the literature (at an aggregate level), is Lerner’s index as a 

proxy for sectoral monopoly power. The marginal impact of monopoly power on wage 

inequality is found to be negative. That is, the payments to labour input are more equally 

distributed among workers in industries with larger market power. And a larger Lerner’s 

value can essentially be achieved through either an increase in the average price that the 

industry is selling its product for or a decrease in the marginal cost of production in that 

industry where both of them can be influenced by domestic and global forces. 
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International trade is also another factor that affects wage inequality within-industries as 

shown by the regression results. The estimated parametrs exhibit that exposure to both 

imports and exports would worsen the earnings distribution within the industry and the the 

effect of exports is even stronger than imports. In contrast, labour unions seem to be di-

recting the earnings dispersion toward an equal way of distribution. My findings related to 

trade variables, and labour unions are consistent with literature as well.  

Industries with a larger share of full-time employments would observe a lower level of 

inequality. Also, employing more foreign-born workers is linked to a reduction in wage 

inequality within industries. In addition, industries dominated more by skill workers would 

have a more equal earnings distribution. As for the gender variable, i.e. share of male work-

ers in a given industry, the estimated value reflects a more equal distribution of wages 

within industries with larger male share.  

Overall, it can be concluded that there exist several factors to consider when evaluating 

wage inequality at industry levels. For instance, in the mining and oil industry, from Figure 

3-1, we can observe how the prices of energy, and metal and minerals have changed over 

time, which influences the Lerner’s value of this industry. At the same time, trade exposure 

(mostly export exposure than import) of this industry varies when there is enough change 

in the price of the industry’s product. Lerner’s effect on within-industry wage inequality is 

negative, whereas it is positive for the trade-exposure index. Which effect is stronger is a 

question that should be addressed in future research.  
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Although my goal was not to offer specific policy suggestions, my study suggests that it is 

important to consider how earnings inequality is shaped by the structure of industries, since 

different types of industries have different structures of employment and different distri-

butions of wages. Thus, the industrial dimension of earnings inequality can be an aspect to 

consider when economic policies are designed for specific industries.  

For instance, competition policies in industries with internal economies of scale that affect 

the ease of mergers and acquisitions to alter market power in the affected industries could 

also increase earnings inequality within that industry. Of course, such policies would have 

to be weighed against their potential adverse impact on the efficiency of the industry. In 

this case, to offset the resulting efficiency losses partially if not fully, further regulation 

might be needed to direct the industry resources toward larger spending on R&D, which in 

turn appears to dampen the earnings inequality as well.   

Policies are often concerned with industries that are exposed to international trade, perhaps 

as a consequence of new trade agreements. For instance, from Table 3-4, we have seen that 

Mining has had consistently large levels of inequality over the 20-year time period of our 

study. This sector is strongly affected by international trade, but the gains from trade have 

been distributed unequally. To lead the industry toward a more equal wage distribution, 

policymakers might focus on several factors. Strengthening the presence of labour unions 

(and labour market regulations in general) in a sector of this nature might reduce wage 

inequality. Alternatively, sector-specific or more general policies to encourage greater ex-

penditures on R&D and computers could also dampen earnings inequality levels in these 

exposed sectors.  
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Chapter 4  

Wage Inequality for Canadian Metro Ar-

eas: Investigating the Effect of Average 

City Rent and Regional Growth Clusters 

(1995-2015) 

 

4.1 Introduction  

It is well documented that earnings (wage) inequality have been growing since the 1980s 

in Canada (Fortin and Lemieux, 2014; Green and Sand, 2015). Consequently, a large body 

of studies has been conducted to quantify the magnitude of Canadian earnings inequality 

as well as to explore the causes. A substantial portion of these studies has examined ine-
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quality and its determinants from a national perspective, whereas little study has been de-

voted to the spatial aspect of wage inequality as indicated by Florida and Mellander (2016); 

and Fong, (2017). .  

From a theoretical point of view, there exist a number of interesting studies that attempt to 

provide theoretical connection between urbanization and wage gap. For instance, in the 

urban-labour economics literature, spatial sorting is a well-known theory which indicates 

that high ability workers, as well as good-performing firms, tend to locate in large cities 

where they can gain from both consumption and production amenities (Glaeser and Maré 

2001; Florida 2003; Moretti and Thulin 2012; Moretti 2013). This tendency leads to a 

larger and more productive city, which enables the workers and firms to generate higher 

levels of earnings (Andersson et al., 2014; Combes et al., 2008; Matano and Naticchioni, 

2011; Mion and Naticchioni, 2009; Moretti, 2004).  

Additionally, Haworth et al. (1978) develop a “monopoly hypothesis” to explain how urban 

growth and urban size affect income distribution. They argue that following the increases 

in city size and growth, two groups of individuals benefit disproportionately, thereby con-

tributing to increasing inequality: 1) those owning fixed assets, like landowners, 2) certain 

monopolists who are likely insulated from the competition in business or employment. For 

the first group, increasing the population drives up the prices for local fixed assets, which 

in turn provides some rents for the owners. For the second group, monopolists are able to 

benefit not only from obstacles to the entry of new businesses but also to gain additional 

advantages due to a larger market.  



 Chapter 4  56 

 

 

 

Although few studies can be found in the literature, history of the urban dimension of ine-

quality can be dated back to 1978 when Haworth et al. (1978) found a positive relationship 

for income inequality with urban growth and city size. Since then, growing interest has 

been evolved among practitioners to probe more into this subject by testing different influ-

encing factors at various geographical levels.  

What follows sets out an overview of selected studies for wage and income inequality at 

the geographic level (including metropolitan areas). And this review will attempt to draw 

out the specific factors emphasized in each study with a view to incorporating them in a 

more general empirical analysis.   

On the U.S. side, Chakravorty (1996) investigates income inequality across US metro areas 

for total, white and black populations using 1990 Census data, and finds that the structure 

of income inequality among races varies across metro areas. Further findings are discov-

ered by Florida and Mellander (2016) who investigate wage inequality (measured by 

Theil’s index) as well as income inequality (quantified by the Gini coefficient) for US 

metropolitan areas in 2010. They find that wage inequality explains only 15% of the in-

come inequality. They also indicate that these two are quite different in determinants. Their 

findings illustrate that skill, human capital, technology, and metro size are strong determi-

nants of wage inequality whereas the same factors are only weakly linked to income ine-

quality. On the contrary, the geographic variation of income inequality is more associated 

with the tax rate, race, and de-unionization.  
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Korpi (2007) tests “human capital theory” and “central place theory” to explore whether 

the size of local labour markets is a source of inequality. Using the Swedish dataset from 

1990 to 2002, the empirical results show that there is evidence for a positive relationship 

between local labour market size and wage inequality. More importantly, the effect of local 

labour market size is larger at the top of the wage distribution (i.e., larger cities get to 

experience a larger inequality at the top of the distribution). 

On the Canadian side, Finnie (2001) uses the Longitudinal Administrative Database (LAD) 

to highlight the importance of the provincial aspect of earnings inequality over the 1982-

1994 period. The findings illustrate that there is a great deal of discrepancy in earnings 

inequalities across provinces, with the Atlantic provinces experiencing the larges levels of 

inequality from 1982 to 1994. Similar evidence is provided by Heisz (2016) who examines 

the trends of income inequality across Canada and shows that inequality has been rising in 

all Canadian provinces where Ontario has experienced the largest rise in its Gini coefficient 

between 1985 and 2011.  

   

Furthermore, Marchand (2012, 2015), and Fortin and Lemieux (2014) find further evi-

dence, from 1971 to 2012, that energy price is an important factor contributing to provincial 

differences in wage inequality.  
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Considering metro areas as unit of study, Moore and Pacey (2003) find that inequality has 

been rapidly rising in CMAs compared to non-CMAs from 1981 to 1996. The authors also 

show that a tendency of immigrants to live in CMAs has significantly and increasingly 

contributed to the changes in inequality among Canadian households from 1981 to 1996.   

Bolton and Breau (2012) and Breau et al. (2014) test the effects of various variables on 

wage inequality at the city level, and find that there is a direct relationship between city 

size and the inequality level. In addition, other factors  such as innovation, deindustrializa-

tion, and share of visible minorities also played a role in inequality differentials at city 

level.Similarly, Walks et al. (2014) study inequality and polarization in Canadian CMAs 

and find that inequality and polarization have increased within and between CMAs.     

 

And lastly, using the Canadian Income Survey (CIS), Fong (2017) investigates the inequal-

ity trends at the CMA level from 1982 to 2014. Gini coefficients for market income ine-

quality show that metropolitan areas are rapidly becoming more unequal, while non-met-

ropolitan areas are becoming more equal. In particular, Toronto, Montreal, Vancouver and 

Calgary have experienced the fastest growth in their inequality. The study also examines 

the effect of tax transfers on CMA inequality and shows that although after-tax income 

inequality is smaller than market income inequality, the former is still large and rising as 

well. 

According to the above-mentioned studies, no study has investigated the effect of average 

city rent and regional growth cluster (RGC) on wage inequality within CMAs. This essay 
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aims to explore whether these potential determinants are affecting CMA inequality (meas-

ured by Theil’s index)? If so, what is the magnitude of the effects?   

With respect to average city rent, Beaudry et al. (2012) demonstrate that industrial compo-

sition (in terms of high-pay industry and low-pay industry measured by average city rent 

index) of a city matter to the wage structure of that city. They show that a larger composi-

tion of high-paying industries in a local economy will boost the wages in all the other 

sectors in that economy. Building on a search and bargaining theory with multiple sectors 

and local markets included in the model, it is illustrated that a shift in the composition of 

industries away or toward high-paying jobs would come with substantial spillover effects, 

thereby influencing the wage structure of the urban economy. 

Regarding the RGC variable, it is intended to capture the effect of regional (CMA) eco-

nomic growth (captured by those industrial clusters that have contributed to the regional 

growth of that CMA; i.e. RGCs) on within-CMA wage inequality. A full description of 

RGC identification is provided in section 4.2 following Slaper et al. (2018). An increase in 

the growth rate of regional growth clusters may dampen or exacerbate CMA wage inequal-

ity, depending on how equal gains from growth are distributed among workers.  

To achieve the above-mentioned goals, a two-round empirical analysis is conducted that in 

the first round overall inequality will be quantified using Theil’s index across all CMAs 

and subsequently decomposed by CMAs (to obtain within- and between-CMA Theil’s val-

ues). The decomposition results show that most of the earnings inequality across CMAs is 
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attributable to the within-component rather than to the between-component (which ex-

plains only around 2% of overall earnings inequality in each year of the study). To further 

explore the within-CMA inequality variation, in the second round, the Theil’s values for 

each CMA from the first stage are extracted and regressed over a number of explanatory 

variables to quantify the effect of ARC and RGCs as well as other control variables from 

the literature.  

It is found that ACR negatively impacts the within-CMA inequality; i.e. CMAs with a 

larger composition of high-pay jobs would experience a lower level of inequality, keeping 

other factors constant. Regional Growth Clusters (RGCs) also found to be an important 

determinant of within-CMA inequality. It is shown that a faster rate of growth of industrial 

clusters tends to increase wage inequality by 0.51%. All the other control variables are 

estimated more or less consistent with what the literature generally expect. More details 

are provided in section 4.4. 

Section 4.2 proceeds to data description and construction of variables. Section 4.3 reports 

the findings for inequality across and within CMAs. Pooled OLS regression is conducted 

in section 4.4 to test the effect of potential determinants of within-CMA inequality. And 

section 4.5 concludes.     
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4.2 Data Description and Variables  

The datasets in this study largely overlap with those in Chapter 3. Similarly, each data 

source serves to construct a variable or a set of variables of relevance that will be directly 

or indirectly included in the regression analysis. What follows provides a brief description 

of the datasets and their contribution to the analysis.  

 Census data to construct economic and demographic variables: 

Census data for 1996, 2001, 2006, 2011 and 201615 are the primary data sets in 

this study. As cited in Chapter 3, a set of demographic variables are necessary as 

control variables in the regression analysis. To capture the potential gender effects 

on inequality, a male share is calculated for CMAs as the share of male workers in 

a CMA16. Skill share is also computed as the share of workers with a bachelor’s 

degree or above. To control for immigration effects on inequality, the share of 

foreign-born workers is measured as the share of workers who were born outside 

of Canada versus those who were born in Canada. And finally, the share of work-

ers with part-time job status is constructed for each CMA to capture the effect of 

job status on earnings inequality.  

                                                 

15 Please note that the sample is taken from only employed and self-employed individuals who reported 
annual earnings greater than zero in the year prior to the Census reference week (i.e. only from 1995, 
2000, 2005, 2010, and 2015). 
16 Please note that only employed and self-employed individuals age 15 and over with full-time or part-
time job status are included in the sample. Their earnings (or wages) are defined in the Census as wages, 
salaries, and bonuses.  
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In addition to demographic variables, four more variables were created using the 

Census: CMA size, an oil-region dummy, average city rent, and regional growth 

cluster. What follows is a brief clarification on why these variables are needed 

and how they are computed.  

CMA size is a potential determinant of inequality, as the literature suggests that 

there is a positive relation between city size and inequality (Baum-Snow and Pa-

van, 2013). It will be measured by the size of the working force of age 15 years 

old and over. The oil-region dummy variable is meant to control for the effects of 

the energy boom or bust on inequality (Fortin and Lemieux, 2014; Marchand, 

2015). Those CMAs that are located in Newfoundland, Saskatchewan, and Al-

berta are considered to be in oil regions.  

Average city rent is a novel variable that, to my best knowledge, has never been 

tested in the literature. As explained in the Introduction, average city rent is an in-

dex that Beaudry et al. (2012) introduced to quantify the impacts that industrial 

composition of a city (in terms of high-pay industries, and low-pay industries) has 

on the wage structure of that city. A high value of the index means that the city’s 

employment is mostly concentrated in high-paying industries. As shown in their 

model, high-pay jobs in an industry are supposed to boost wages in all other in-

dustries as a spillover effect. In this case, inequality may decline if the spillover 

effects are dominant, something that is going to be tested in the regression analy-

sis. On the other hand, if the spillover effects are weak, then an increase in wage 

inequality would be expected.   
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Following Beaudry et al. (2012), to build the average-city-rent index, I first calcu-

late the industrial relative mean wages at the national level, where the Manufac-

turing sector is the base industry. In the second step, a weighted average of indus-

trial relative wages is computed to construct the index for each CMA. The 

weights are the employment share of each industry in a CMA; i.e. � �� =

������������

�����������
 where i is industry and j indicates the CMA.    

Regional growth clusters (RGCs) are also constructed using Census data. Before 

proceeding to the definition of RGCs, it is necessary to indicate that this variable 

is supposed to capture the impact of economic growth at the regional level. This 

growth indicator has been found to be relevant (but not tested yet) in the litera-

ture. For instance, Osberg (2018) is concerned that economic growth would not 

solve the issue of rising inequality in Canada (i.e. national level), and therefore 

encourages a shift in policy to address the issue. In another study, Bolton and 

Breau (2012) use the median wages of the labour force to quantify the effect of 

regional economic development on earnings inequality at the city level. They find 

that economic development has a dampening effect but fades away over time.  

In this study, RGCs will be used to capture any potential effect of regional eco-

nomic growth on within-CMA wage inequality. A full description of RGCs is 

provided in Slaper et al. (2018). In summary, RGCs are industrial clusters in cities 

that are a major force of employment growth. To be identified as an RGC, a sec-

tor needs to meet four statistical requirements: 

1. The employment of the cluster has been increasing.  
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2. The cluster must be growing in relative importance in the city (i.e. the 

shift-share ratio for cluster cl, ����, must be greater than one) 

3. ���� must be less than 1 plus 2 standard deviations of all the ���� of the 

city.  

4. The employment share of the cluster must be greater than 0.005 at the 

end of the time period (i.e. 2016 in this study).  

The reason that I am choosing RGCs as my economic growth variable has to do 

with the urban aspect of the analysis. As an alternative, CMA’s GDP data could be 

used to capture the growth effect, but with RGCs, I can be more specific and focus 

on a few industries that represent the features of a regional growth cluster. Besides, 

GDP data at the CMA level are available only from 2009 onward, whereas I need 

a longer period of coverage.  

 Input-Output tables from Statistics Canada to construct trade variables and 

an innovation index: 

Using input-output data from 1997 to 2015, additional control variables are con-

structed to follow the literature.  

a) Export exposure and import exposure indices for each CMA: These indices are 

actually a modified version of those that were used in Chapter 3 in order to reflect 

the urban aspect of trade variables.  

To modify the indices from the prior chapter, the employment shares of industries 

in each CMA were calculated to create the weight of each industry in the total 
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employment of a CMA; i.e. � �� =
������������

�����������
 where i represents the industry, and 

j indicates the CMA. Having indices in one hand, and the industry weights on the 

other hand, a weighted average of import exposure and export exposure are calcu-

lated across industries within each CMA. The final output, subsequently, is meant 

to reflect the degree of exposure to international trade that a CMA has.  

b) Innovation index: Similarly, with innovation index constructed in the previous 

chapter for industries, a weighted average was calculated to generate an innova-

tion index for each CMA, and � �� was used as the industry weight.       

 Data on Unemployment Rate from Statistics Canada17: 

Unemployment rates are necessary to be included in the regression analysis to 

control for any impacts that local unemployment has on inequality (Mocan, 

1999). Although this study examines wage inequality among employed individu-

als, the unemployment rate may still affect the wages of employed workers as it 

might affect the bargaining power of workers in the local economy. If those work-

ers are mostly low-wage individuals, then it is expected that earnings inequality 

would increase should the unemployment rate rises.  

Unemployment rates are available at the CMA level on a monthly basis from 

2001 onwards. With seasonally adjusted unemployment rates, a simple average of 

rates over a 12-month period is used to obtain annual rates. CMA unemployment 

rate data is unavailable for the year 1995; therefore, I used the 2000 values to 

                                                 

17 https://www150.statcan.gc.ca/t1/tbl1/en/cv.action?pid=1410029401  
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complete my data set (i.e., CMA unemployment rates for 1995 and 2000 are iden-

tical).   

 Government of Canada’s Hourly Minimum Wage data to construct mini-

mum wage variable: 

Minimum wages vary across provinces as they are set by provincial legislation. It 

is expected that a higher minimum wage rate would boost the wages of individu-

als at the lower tail of the distribution, and therefore mitigate earnings inequality 

within local economies (Fortin and Lemieux, 2014). Data on hourly minimum 

wages are available by province since 1965 on the Government of Canada’s web-

site18. Those CMAs that share a province, therefore, will be assigned the same 

minimum wage19.   

 Labor Force Survey (LFS) from Statistics Canada to construct the union 

share variable:  

As described in the previous chapter, labour unions are considered to be a deter-

minant of wage inequality (Card et al., 2004). To control for union effects, the 

monthly survey of the labour force (LFS) from 1997 to 2015 was employed to 

calculate the share of unionized workers for a given industry. Since LFS is a 

monthly survey, I used the average shares over a 12-month period in a given year. 

In the survey, the union status of workers has been categorized into three groups; 

a) covered by union b) not in a union but covered by a collective agreement and c) 

                                                 

18 http://srv116.services.gc.ca/dimt-wid/sm-mw/rpt2.aspx?GoCTemplateCulture=en-CA  
19 Minimum wages will be deflated by provincial consumer price index in the regression analysis. 
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no coverage. Categories (a) and (b) are combined in the construction of union 

shares. 

4.3 Inequality Trend and Decomposition by CMA 

To measure inequality and break it down by CMA, I will use the spatial decomposition 

approach developed by Shorrocks and Wan (2005). A comprehensive description of the 

decomposition method was provided in Chapter 3. Briefly speaking, with Shorrocks and 

Wan’s decomposition methodology, first, Theil’s index is calculated as overall inequality 

across all observations (where observations are individual real annual earnings20 across all 

CMAs), and decomposed into two groups: a) between-CMA inequality, and b) within-

CMA inequality.  

Decomposition results demonstrate that most of the earnings inequality across CMAs is 

attributable to within-CMA inequality rather than to between-CMA inequality. Put differ-

ently, total wages have been distributed among CMAs in proportion to their populations, 

whereas earnings have been distributed unequally within the CMAs.  

Table 4-1 and Figure 4-1 report the decomposition results. The blue column in the chart 

represents the T-values of all the observations in the sample. It shows that overall earnings 

inequality (i.e., inequality across all CMAs) steadily rose from 0.37 in 1995 to 0.49 in 2005. 

Then it decreased to 0.41 in 2010, followed by an increase back to 0.48 in 2015. With 

                                                 

20 Earnings are defined as wages, salaries, and bonuses, which have been deflated by provincial consumer 
price index. Also note that earnings and wages will be used interchangeably hereafter.   
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respect to decomposition by CMA, the between component accounts for only a small por-

tion of the inequality, whereas the within-component is very large. The contribution of 

each component to inequality remains stable over time.             

 

Figure 4-1. Overall, within, and between wage inequality across CMAs over time 

Table 4-1: Within and between CMA inequality 

Year 
Overall inequality 

across CMAs 
Within-CMA Between-CMA 

1995 0.37 0.35 0.02 
2000 0.42 0.41 0.01 
2005 0.49 0.47 0.02 
2010 0.44 0.41 0.03 
2015 0.48 0.45 0.03 

 

Moreover, Figure 4-2 illustrates the earnings inequalities for individual CMAs over time21. 

A great deal of variation in within T-values can be observed both across CMAs and within 

CMAs over time. In particular, Calgary, Edmonton, and Saskatoon experienced a spike in 

2005, recording the highest earnings inequality in their history. Those CMAs that are in 

                                                 

21 Table of values are provided in Appendix II 
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the same province seem to have a similar pattern and level of inequality. For instance, 

Victoria, Abbotsford, and Kelowna in British Colombia (BC) have T-values in the same 

range, although Vancouver has the largest t-values in BC. Of all the CMAs, Calgary, To-

ronto, Vancouver, and Montreal have always had T-values above average. 

 

Figure 4-2. Within CMA Theil's values over time 
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4.4 Regression Analysis 

To conduct the regression analysis, several variables have been constructed using the 

above-mentioned data sources. In summary, all the demographic variables (such as gender, 

education, job status (full time or part-time), and place of birth) come from the Census as 

well as CMA size. Trade variables, as well as the innovation index, come from the input-

output tables from Statistics Canada. The union variable was calculated using LFS data 

available from Statistics Canada. Unemployment rates are collected from Statistics Can-

ada. Minimum wage data are gathered from the Government of Canada’s website.   

Similar to the previous chapter, the independent variable is the log of within-CMA T-val-

ues that were presented in Figure 4-2. Given that the effect of CMA differentials on ine-

quality have been already extracted in the first step, I will use a pooled OLS regression in 

the second step with the following equation22: 

log����� = � + ������ + ��log (�����������������) + ����������ℎ��

+ ��log (���������) + �������������� + ������������������

+ ������������������ + ��log (������������) + ��������ℎ�����

+ ������������ + ���������ℎ��� + ��� 

where ��� represents Theil’s values for CMA j at time t, ���� controls for time effect, 

��������������� quantifies to what degree CMA j is composed of high-pay jobs, 

                                                 

22 Scatterplots of T index with other control variables are provided in Appendix III 
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��������ℎ23 captures the impact of RGCs, ������� controls for the size of CMAs, 

���������� controls for minimum wages, �������������� and �������������� 

control for trade effects on inequality, ���������� proxies how innovative a CMA is, 

������ℎ��� measures the share of union members for a given industry,  ��������� is 

dummy variable to distinguish between CMAs with oil and CMAs with no oil reserves, 

and ��������ℎ� is composed of demographic variables (male share, skill share proxied 

by education ratio, foreign-born share, and full-time share) for CMA j at time t, and ��� is 

the error term. Parameters �, �, ��� � are to be estimated. 

The estimates are presented in Table 4-2. In the first model (Model I), only the key varia-

bles are included in the regression, while the second model (Model II) adds other control 

variables. While some variables are robust to model specification, others are sensitive. The 

effect of time is positive in both models and significant at conventional confidence inter-

vals. It shows that earnings inequality within CMAs is increasing by 6.3% every five years, 

a finding that is consistent with a trend of rising inequality in CMAs (Gray et al., 2003).  

Table 4-2: OLS estimation results (log of T index as the dependent variable) 

Independent Variables 
Model I Model II 

Coefficient 
(Robust Std. Err.) 

Coefficient 
(Robust Std. Err.) 

Time 
0.0900** 
(0.0410) 

0.0638*** 
(0.0171) 

Log of ACR 
-0.2578*** 

(0.0822) 
-0.1461** 
(0.0724) 

RGC growth 
1.3425*** 
(0.4954) 

0.5161*** 
(0.1935) 

Log of CMA size 
0.3720*** 
(0.0829) 

0.1779** 
(0.0695) 

Minimum wage (real) -0.0674*** -0.0461** 

                                                 

23 Growth rate is measured by employment growth of the RGCs.   
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(0.0341) (0.0196) 

Export exposure 
0.0992** 
(0.0489) 

0.0374 
(0.0229) 

Import exposure 
-0.0404 
(0.0509) 

0.0046 
(0.0259) 

Log of innovation 
-0.0182 
(0.0129) 

-0.0270*** 
(0.0058) 

Union share  
-0.0063*** 

(0.0015) 

Oil-region dummy  
0.1204*** 
(0.0337) 

Foreign-born share  
0.4308*** 
(0.1355) 

Part-time share  
0.9909** 
(0.4922) 

Male share  
-0.7105 
(1.0029) 

Skill share  
1.4264*** 
(0.4013) 

Unemployment rate  
0.0178*** 
(0.0059) 

Manufacturing share  
0.3265 

(0.2863) 

Cons 
-2.5*** 
(0.36) 

-1.3107** 
(0.5628) 

R-squared 0.611 0.8787 
Prob > F 0.00 0.00 
F(8, 123) 11.94  
F(16, 115)  107.87 

*Statistical significance of the estimates for 10% 
**Statistical significance of the estimates for 5% 
***Statistical significance of the estimates for 1% 

Average city rent is also robust and significant in both models, although the estimated co-

efficient is cut by half in the second model when additional controls are present. It reads 

that average city rent is negatively related to within-CMA inequality, and this relationship 

is statistically significant according to the second model. This negative relation implies that 

a large mix of high-pay jobs in a city can lift the wages in other sectors sufficiently higher 

to partly offset the industrial differentials and contribute to a decline in inequality. It is, I 

believe, one interesting application of the index in Beaudry et al. (2012) to wage inequality. 

They state that a concentration of high-paying jobs in a city would boost the wages in other 

sectors through general equilibrium. The implication for earnings inequality is that, if this 
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spillover effect is negligible, then inequality is expected to rise, whereas inequality would 

decline should the spillover effect be strong enough. My findings support the latter. 

RGC growth (measured by the employment growth of RGCs) also matters to earnings in-

equality within CMAs. The sign and significance of the estimated coefficient are robust, 

but the magnitude of the coefficient is sensitive to model specification. It is shown that the 

faster the regional growth clusters grow, the larger would be earnings inequality. Also, a 

one basis point increase in the growth rate of the RGC is associated with a 0.51% increase 

in earnings inequality within CMAs. The magnitude of the effect is relatively large. This 

finding is interesting as it supports Osberg (2018), who believes that a higher rate of eco-

nomic growth is not able to solve the rising inequality concern. In the context of this study, 

it is interpreted that the gains from the growth of industrial clusters are distributed largely 

unequally among the workers.  

With respect to real minimum wages, the estimated parameter seems to be relatively robust 

in both coefficient and significance, and it is negative, as is generally expected from the 

literature (Fortin and Lemieux, 2014; Lee, 1999). It is also found that a $1 increase in 

minimum wages (equivalent to 12% increase relative to the mean of minimum wages dur-

ing the period) is accompanied by a 4.6% decrease in earnings inequality within CMAs. 

Trade variables, however, seem to be irrelevant when looking from an urban aspect at earn-

ings inequality, as they are insignificant at the 5% or 10% significance levels. The best 
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results have been reported in the table of results, in which the trade exposure variables 

show up as dummy variables24.  

By contrast, the oil region variable seems to be a better explanatory determinant of wage 

inequality than the trade variables mentioned above. It is significant and indicates that those 

CMAs within oil regions experience, on average, a 12% higher level of earnings inequality, 

assuming other factors constant. It is also worth mentioning that my data set covers a time 

span that overlaps with the energy boom era when oil prices were high. With the recent 

changes in the economic conditions, however, I expect to observe a decline in wage ine-

quality in oil-region CMAs (among employed and self-employed workers), although this 

requires further research in the future.  

It is also interesting that the log of innovation index turned significant when the control 

variables were included. It seems that when the innovation index rises, earnings inequality 

tends to decline. Having that said, this variable needs to be treated with caution. The inno-

vation index was calculated based on an input definition of innovation (i.e. share of R&D 

and computer expenditures), which carries noise because the definition of R&D has 

changed over time.  

Labor unions also matter to wage inequality. The estimated coefficient is significant and 

in line with what the literature has found (Belman, 1988; Card et al., 2004; Farber and 

                                                 

24 In the estimation process, trade exposure index for a CMA is equal to zero if it is less than the median 
across all CMAs, and equal to one if otherwise. 
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Western, 2001). It indicates that those CMAs that have a larger share of covered workers25 

would observe lower levels of inequality. With a one basis point increase in union share 

(i.e., a change of 0.01 unit), it is expected that wage inequality within a CMA falls by 

0.006%.     

With respect to other control variables, a larger share of foreign-born workers in a CMA is 

associated with a higher level of earnings inequality within that CMA. More specifically, 

a one basis point change in the share of foreign-born workers is associated with a 0.43% 

change in the T-index. This relation is also in line with what Block et al. (2019) have found. 

They demonstrate that unemployment rates are usually higher among racialized workers, 

and foreign-born male workers have earned 22% less than their Canadian-born counter-

parts since 2005. In addition, wage discrimination is more acute for female immigrants as 

they have received 59 cents for every dollar that a non-racialized man earns (Block et al., 

2019).  

Job-status also matters to wage inequality within CMAs. Economies with a larger share of 

part-time workers are expected to realize a notably larger earnings inequality. The magni-

tude of the effect is relatively large and indicates that for a one basis point change in the 

share of part-time workers, there would be a 0.99% change in inequality. Peters (2014) 

shows that there has been a tendency among employers toward market deregulation, in 

particular, an interest in employing more part-time workers. In this case, it could be con-

                                                 

25 covered by union or collective agreement as reported by respondents. 
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cluded that further market deregulation toward expanding the size of the part-time work-

force comes with a large upside that influences earnings inequality within CMAs, some-

thing to consider if the goal is to control wage inequality at CMA levels.  

With respect to skill share (or education ratio), the estimated effect is significant and rela-

tively large as well. It can be read that one basis-point change (i.e., a change of 0.01) in the 

level of skill share comes with a 1.42% increase in the earnings inequality within CMAs. 

This evidence supports the literature, which expects a positive effect. For instance, Ace-

moglu (1999, 2002) argues that although a rise in the proportion of skilled workers com-

presses the returns to skill and reduces inequality, it has a larger effect, which can generate 

job polarization, thereby increasing the unemployment of unskilled workers and rising in-

equality26. This finding also supports Foley and Green (2016), who argue that increasing 

investments in education (in particular at university level) is not an effective policy re-

sponse to rising inequality.  

In addition to all the determinants above, the unemployment rate of a CMA seems to be 

another factor affecting wage inequality of the CMA. The estimated coefficient is signifi-

cant and consistent with the findings in the literature (Beach et al., 2006; Mocan, 1999). 

One basis point increase in the unemployment rate tends to increase the CMA’s earnings 

inequality by 0.018%. Apparently, a higher rate of unemployment is reducing the bargain-

ing power of workers, in particular those in the lower end of the wage distribution. Also, a 

                                                 

26 More discussion of this paper is available in General Literature Review. 
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larger unemployment rate may potentially hurt the casual workers more than others by 

reducing working hours, thereby contributing to larger earnings inequality.   

4.5 Conclusion  

Using multiple data sources, this empirical study examines annual real wage inequality for 

CMAs in Canada for the years 1995, 2000, 2005, 2010, and 2015. Briefly, the empirical 

analysis is composed of two rounds. In the first step, a sample of individuals (full-time and 

part-time, employed and self-employed) is chosen to conduct a decomposition analysis in 

which overall earnings inequality (across CMAs) is measured, and simultaneously decom-

posed by CMAs. It is found that not much inequality exists among CMAs, whereas most 

of the observed inequality is accounted for by the variations within CMAs.  

To further explore inequality, in the second stage, the potential determinants of wage ine-

quality are examined using pooled OLS regression where the dependent variable is the 

earnings inequality of CMAs from the first round (i.e. within-CMA inequalities). And the 

independent variables constitute a wide range of conventional relevant factors, as well as 

two new  variables, namely, average city rent and RGC. What follows is a short review of 

empirical results.  

Average city rent (ACR) is a novel variable that is investigated for the first time. A full 

description of this factor is provided in section 4.2. It is intended to quantify the composi-

tion of high-pay and low-pay jobs in a CMA. It is found that ACR is adversely related to 

wage inequality in the sense that a 1% increase in the composition of high-pay jobs in a 
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CMA is associated with a rise in wages in other sectors sufficient to decrease inequality by 

0.14%.  

The growth rate of major industrial clusters in a CMA (referred to as regional growth clus-

ters or RGCs) also matters to within-CMA inequality, and the effect is positive. For an 

industry to be identified as an RGC of a CMA, four statistical requirements need to be met 

by that industry (a full description is available in section 4.2). It is estimated that a faster 

rate of growth of industrial clusters is linked to an increase in wage inequality of 0.51%.  

Both union rate and minimum wages tend to reduce wage inequality, although it varies 

more in response to a one-unit change in the minimum wage than in the union rate. More 

specifically, a $1 increase in minimum wages (equivalent to 12% increase relative to the 

mean of minimum wages during the period) is accompanied by a 4.6% decrease in earnings 

inequality within CMAs. And with a one basis point increase in union rate, it is expected 

that earnings inequality within a CMA falls by 0.006%.  

The innovation index is also tested in this paper. Measured by the share of R&D and com-

puter expenditures, the estimated parameter is sensitive to model selection, but it seems 

that a larger expenditure on R&D and computers tends to mitigate the inequality, although 

only by 0.02%.  

Immigration (defined as pertaining to those who are born outside of Canada) was also 

tested as a control variable. A larger share of foreign-born workers in a CMA corresponds 

to a higher level of wage inequality within that CMA by 0.43%, relatively large effect.  
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Job-status (measured as the share of part-time vs full-time workers) is also correlated with 

wage inequality within CMAs that has received very little attention in the literature. Not 

surprisingly, the results indicate that for a one basis point increase in the share of part-time 

workers (i.e., a change of 0.01 in the share of part-time workers), there would be a 0.99% 

rise in inequality. 

When looking at wage inequality from an urban perspective (as opposed to the previous 

essay, which considered the industrial dimension), the estimated coefficient is large and 

significantly positive for the skill-share variable.    

Last but not least, the unemployment rate of a CMA is also a determinant of wage inequal-

ity within CMAs. Although only employed and self-employed individuals are included in 

the sample of observations, it seems that a higher rate of unemployment may reduce the 

bargaining power or alternative job choices of workers, thereby causing the wage inequal-

ity to rise.  

Rudimentary policy implications can also be found in this investigation. ACR and RGC 

are two interesting determinants of within-CMA wage inequality. ACR implies that attract-

ing high-paying firms (industries) would alleviate the level of wage inequality within 

CMAs. And even a more fundamental way is to create these high-paying jobs by providing 

suitable infrastructures. RGCs can also be considered for tax regulations when an alleviat-

ing inequality is under consideration. An alternative implication concerns growth policies 

where a more balanced growth rate (between RGCs and non-RGCs) can be considered to 

mitigate within-CMA inequality. 
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Chapter 5 

Effect of Interprovincial Migration on Ca-

nadian Wage Structure: Evidence from 

2016 

 

5.1 Introduction  

Interprovincial migration in Canada has been in decline, as documented in Saunders 

(2018). Figure 5-1 maps a historical trend of interprovincial migration in Canada since the 

1970s. Despite a declining trend, internal migration has been viewed to be a powerful factor 

affecting the Canadian economy in general, and local economies  in particular. For in-

stance, Coulombe (2006) states that positive net migration in a province comes with ag-

gregate human capital gains in the long run for that province, and also for Canada in gen-

eral. In another study, Sharpe et al. (2007) study the role of internal migration on aggregate 

output and labour productivity in Canada from 1987 to 2006. Interestingly, they find that 
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interprovincial migration accounted for 6.2% of labour productivity growth in Canada in 

2006. These studies show that there should exist a potential relationship between internal 

migration and wage distribution.    

 

Figure 5-1. Migration pattern in Canada since the 1970s 

In fact, there are only few studies that have concentrated on wage inequality in the context 

of interprovincial migration. One recent discussion is that of  Mirjam et al. (2019). It is an 

empirical investigation that uses a counterfactual framework to quantify the effect of inter-

nal migration on the wage structure of migrants in the West African Economic and Mone-

tary Union (UEMOA). Similarly, Phan and Coxhead (2010) develop a theoretical frame-

work based upon the gravity model and find that internal migration is a determinant of 

relative wage inequalities across provinces in Vietnam during the country’s transition.  
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Having said that, there exist theories that can be used to link the internal migration to wage 

inequality from theoretical point of view. In general, the choice of migration and its impli-

cations for the earnings distribution can be considered to be a specific case of Roy’s model 

(Roy, 1951), as Heckman and Honore (1990) point out. In the context of Roy’s model, 

individuals self-select themselves between two skill-specific sectors based on their com-

parative advantage to maximize their income. In this setting, Heckman and Honore (1990) 

show that the pursuit of comparative advantage, in the form of self-selection between sector 

1 or sector 2, is accompanied by a decrease in overall and within wage inequality in contrast 

to a situation where individuals are assumed to be randomly assigned to the sectors. Simi-

larly, Kanbur and Rapoport (2005) introduce agglomeration and spillover forces to con-

ventional models of migration and find that the effect of migration on wage inequality 

could go either way depending on how the education function is formulated in the model.   

Furthermore, insightful studies are available in the literature that have examined migration 

choices, and their determinants. Extending Roy’s model to migration, Robinson and Tomes 

(1980) use the 1971 Census microdata and show that migrants tend to be self-selective. 

And the migration choice is impacted by potential wage gains.  

    

Similarly, Coulombe (2006) conducts a comprehensive empirical analysis to investigate 

the determinants of migration and the distributional effects of migration on human capital 

in Canada. Using a pooled time-series cross-sectional approach and data since 1977, the 
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author finds that migration is dependent on factors such as differences in long-run unem-

ployment rates, and labour productivity which are associated with wage gains in the liter-

ature.   

 Unless it is put into an empirical test, according to the above-mentioned studies, it may be 

safe to say that the inequality effects of migration are not known a priori, although a miti-

gating effect is generally expected. Therefore, the goal of this research is to measure any 

potential impact of interprovincial migration on the wage distribution in Canada and com-

pare the results with available opposing theories.  

To test the impact of internal migration, a semiparametric counterfactual model is used that 

was developed by DiNardo et al. (1996). The concept behind this model is simple but com-

plex to compute (more on this in section 5.3). In a counterfactual analysis, we are interested 

to learn about the wage structure in the absence of internal migration. Once estimated, a 

comparison between observed (factual) wage structure and corresponding unobserved 

(counterfactual) wage dispersion can be made to better understand the effect of internal 

migration.   

Briefly speaking, using the 2016 Census PUMF, the findings show that wage inequality 

would have been almost twice larger in the absence of interprovincial migration (i.e. 0.79 

vs 0.40). In addition, internal migration exerts differing impacts along the wage distribu-

tion. The largest impacts can be observed in the middle and lower portion of wage distri-

bution; i.e. the mass of workers rises largely in the middle of the distribution, increases in 

the lower end but by a smaller size, and decreases in the mid-lower portion. Also, internal 
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migration seems to have less effect on the upper portion of the wage density, and the effect 

gradually disappears in the higher end of the distribution. Moreover, the impact of migra-

tion is more or less in line with the above-mentioned effects across skills because in the 

absence of migration, a wider wage density curves, and larger Theil’s values would have 

prevailed for both skilled and unskilled workers.   

Section 5.2 overviews dataset. Section 5.3 presents the counterfactual framework, followed 

by a report of findings in section 4.4. And section 5.5 concludes.  

5.2 Data Overview 

The main data set for this study comes from the 2016 Census Public Use Microdata File 

(PUMF). Migrants are defined as those workers who have changed their province of resi-

dence within the last five years of the reference day of the Census. On the contrary, non-

migrants are those workers who did not change the province of residence in the same pe-

riod.  

Observations in the sample include only individuals age 15 or over who have reported 

being in the labour force on the reference day of the Census. In this sample, there are 

424,744 observations, of which 13,521 are migrants (3.2% of the sample). Annual wages, 

salaries, and bonuses are considered to assess the wage structures. These wages are deflated 

by the provincial consumer price index (2002$) to reflect a more accurate level of real 

wages.  
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Table 5-1 demonstrates a two-way tabulation of migrants by age and destination province. 

Similar to findings in the literature, individuals age 20 to 44 years old comprise over 75% 

of the migrant population. Of all the migrants, almost 70% of the migrants have chosen 

among the three provinces of Alberta, Ontario, and BC, with Alberta accommodating by 

far the largest share of the migrant population (30%) in this sample.    

Table 5-1: Province of current residence of migrants by age groups (2016)* 

 Province of residence 

Age NL PEI NS NB QC ON MB SK AB BC Total 

15 to 17 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.0% 0.0% 0.3% 0.1% 0.6% 
18 to 19 0.0% 0.0% 0.1% 0.0% 0.1% 0.4% 0.1% 0.1% 0.6% 0.3% 1.7% 
20 to 24 0.2% 0.1% 0.8% 0.4% 0.9% 2.6% 0.4% 0.7% 4.4% 2.7% 13.4% 
25 to 29 0.3% 0.1% 1.1% 0.7% 1.5% 4.7% 0.6% 1.3% 8.0% 4.5% 23.2% 
30 to 34 0.4% 0.1% 1.0% 0.5% 1.2% 4.5% 0.7% 0.8% 5.0% 4.0% 18.5% 
35 to 39 0.3% 0.1% 0.7% 0.4% 1.0% 2.9% 0.4% 0.7% 3.6% 2.2% 12.5% 
40 to 44 0.3% 0.1% 0.5% 0.4% 0.6% 2.1% 0.3% 0.5% 2.5% 2.0% 9.3% 
45 to 49 0.2% 0.1% 0.3% 0.2% 0.4% 1.7% 0.3% 0.4% 2.1% 1.4% 7.1% 
50 to 54 0.2% 0.1% 0.3% 0.4% 0.4% 1.1% 0.2% 0.4% 1.7% 1.1% 6.0% 
55 to 59 0.2% 0.0% 0.2% 0.2% 0.2% 0.9% 0.1% 0.3% 1.2% 1.0% 4.4% 
60 to 64 0.1% 0.0% 0.2% 0.1% 0.2% 0.4% 0.1% 0.2% 0.6% 0.6% 2.4% 
65 to 69 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.0% 0.0% 0.1% 0.2% 0.7% 
70 to 74 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.1% 0.0% 0.2% 
75 to 79 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 
Total 2.3% 0.7% 5.2% 3.4% 6.5% 21.5% 3.4% 5.3% 30.1% 20.2% 100% 

*Migration to the territories is small and ignored.   

 It is also worthwhile to touch on the wage structure of workers in different sub-samples 

using graphs. Figures 5-2 and 5-3 illustrate the wage kernel density of male workers and 

female workers by education (bellow bachelor’s vs bachelor’s or above) for both migrants 

and non-migrants, respectively. Yellow lines are included in the graphs to show the mode 

of migrants in their corresponding wage distribution.  
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Considering male migrants, having a bachelor’s degree or above somewhat improves the 

wage distribution of male migrants by pushing a larger mass toward the middle. The edu-

cation effect seems to be stronger for female migrants because it not only increases the 

mass at the mode but also provides a higher return, to some extent, compared to other 

female migrants who have education below a bachelor’s degree. 

Also, the variance of the wage densities widely varies across sub-groups, a sign of varying 

within wage inequalities27. In comparison with stayers, the wage structure of migrants ap-

pears to be wider (red curves vs blue curves). Therefore it may be expected that wage 

inequality will be larger in migrant groups compared to non-migrants. This is a question 

that will be addressed in section 5.3.  

                                                 

27 In a normally distributed wage density, a larger variance is associated with larger inequality (DiNardo et 
al., 1996). 
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Figure 5-2. Male wage structure by migration and education 

 

Figure 5-3. Female wage structure by migration and education 
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5.3 Empirical Analysis 

This section proceeds to the counterfactual analysis of wage dispersion in Canada. The aim 

is to evaluate the effect of interprovincial migration on overall wage structure, as well as 

that for skilled and unskilled workers. The concept behind the counterfactual analysis is 

simple. What wage distribution would have prevailed if there was no interprovincial mi-

gration? In fact, the current wage dispersion observed in the sample is a combination of 

migrants’ and non-migrants’ wage structures (i.e. wage distribution with migration), 

whereas in a counterfactual case, a wage distribution is estimated in the absence of migra-

tion. Therefore, the counterfactual wage structure is not observable and needs to be esti-

mated.  

To obtain estimation results, a methodology introduced by DiNardo et al. (1996)28 is con-

sidered. In this context, the counterfactual wage structure is going to be a weighted average 

of the conditional wage dispersion of migrants. More accurately, the estimated wage dis-

persion attempts to measure the wage distribution of non-migrants if there was no migra-

tion and if these non-migrants had been paid according to the wage structure of migrants.  

Applying the wage structure of migrants to their stayer counterparts may sound problem-

atic at first glance, in particular, because these two classes of workers are not identical. 

Fortunately, DiNardo, Fortin, and Lemieux’s approach (DFL from now on) use a re-

weighting measure in which each non-migrant will be assigned a probability as weight 

                                                 

28 Available in STATA under “DFL” syntax, standing for Dinardo, Fortin and Lemieux model.   
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before applying migrants’ wages to their non-migrant counterparts. What follows presents 

more details of the empirical model. 

5.3.1 Econometric Model 

Despite a simple concept, counterfactual computations are complex. Skipping algebra (to 

be found in DFL), the following model needs to be considered. Equation 5-1 illustrates a 

formula that is intended to reflect the counterfactual wage dispersion;    

��(�) = �  ℎ(��������  | �) ∅ ���������������� ��                      (5 − 1)  

              ���ℎ �ℎ��         ∅ =  
1 − �(� = ������� | �)

�(� = ������� | �)
                                   

where ��(�) represents the counterfactual wage distribution, ℎ���������� captures the 

observed wage structure of inter-provincial migrants conditional on observed characteris-

tics �, ∅ is the weight variable that is going to be estimated using a logit model, 

��������������� is the distribution of observed characteristics of non-migrant workers, 

and �(� = ������� | �) is the probability of being a migrant for an individual � condi-

tional on the observable characteristics �.  

To obtain the counterfactual estimate of the wage distribution, it is necessary to estimate 

the probability values of the weight variable ∅ in the first place. As a result, a simple logit 

regression of migration decisions on a number of factors will be conducted to extract the 
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estimated odds ratios of being a migrant. The logit model29 is presented below using the 

independent variables that have been found important in the literature (Brown et al., 2012; 

Coulombe, 2006; Robinson and Tomes, 1980).  

�� = �� +  ������ +  ������
� +  ��ℎ������ + ������ +  ���������� + ��������

+  ������ +  ����������� + �� 

where �� is a migration dummy variable for individual �, ��� is the age of individual, 

ℎ����� is the highest education acquired that has 13 categories, ��� is a gender dummy 

variable, ������� is a dummy variable that equals one if the individual is married or living 

common-law, ����� reflects the unemployment rate of the province that individual � lives 

in, ��� is a dummy variable that equals one if individual � has at least one child of age 14 

years old or below 30 , �������� is a dummy variable if the original province of the migrant 

is Manitoba or Saskatchewan, and finally �� is the error term.  

Lastly, the following formula is applied to compute the counterfactual Theil’s values using 

the estimated wage densities (DiNardo et al., 1996): 

� = � [ln ��(�)]��(�)��    ;    ��(�) =
��(�)

�
  ���   � = exp (�) 

where ��(�) is the counterfactual wage distribution.      

                                                 

29 Estimated results for logit model are available in Appendix IV 
30 PUMF provides information on the number of children by age category, i.e. 0 to 1 years, 2 to 5 years, 6 
to 14 years, 15 to 24 years, etc. In this study, only the first 3 categories will be considered to proxy the 
presence of children.  
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5.3.2 Empirical Results 

This section provides a visual and numerical presentation of empirical findings for the ob-

served wage structure of migrants and non-migrants, as well as the counterfactual wage 

distribution in the absence of interprovincial migration31. All the findings are presented in 

one single diagram, Figure 5-4, to make it easier for wage comparisons across groups of 

workers.  

The first graph in Figure 5-4 illustrates the density of real wage structures for observed 

non-migrants (dashed blue), observed migrants (in solid red) as well as the counterfactual 

wage distribution (i.e. the wage distribution in the absence of interprovincial migration (the 

solid green line labelled as CF_Non_migrant)) with corresponding Theil’s values attached. 

The second graph illustrates the density differences between non-migrant factual (dashed 

blue curve) and counterfactual wage densities (solid green curve)32. Technically, this sec-

ond graph maps the effect of migration exerted on different segments of the wage distribu-

tion. 

                                                 

31 Please note that the counterfactual wage densities of non-migrants’ are interpreted as overall wage 
structure in the absence of migration.   
32 Differences are calculated according to factual minus counterfactual of non-migrants.  
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Figure 5-4. Factual and counterfactual wage densities with corresponding Theil’s values (all observa-

tions) 

Starting with Theil’s findings, the results show that almost all wage inequality in Canada 

can be attributed to within-group wage differences (i.e. within migrants, and within non-

migrants). Between-group component accounts for less than 1% of wage inequality. That 

is, although the population of interprovincial migrants makes up only 3% of the sample, 

wage inequality within this group (T=0.39) is almost as large as that for non-migrants 

(T=0.4). More importantly, counterfactual wage inequality (i.e. T=0.79) is substantially 

T=0.40 

T=0.39 

T=0.79 
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larger than the other Theil’s values. In other words, wage inequality would have been twice 

as large in the absence of internal migration.  

Although migration reduces wage inequality (as shown by Theil’s values), it is worthwhile 

to add that the effect is not uniform across the wage distribution. This finding can be best 

presented with the use of wage density curves. In particular, the second graph maps clearly 

the differing impacts of interprovincial migration exerted on different segments of the wage 

distribution.  

As evident, the migration effect is mixed and present in almost the entire wage distribution. 

Beginning from the lower end of the distribution, it shows that migration has a volatile 

impact on the lower end with both increasing and decreasing densities. In the mid-lower 

portion of the distribution, density sharply declines, whereas it largely increases in the mid-

dle, as well as in the low-upper portion. The effect, however, gradually fades away in the 

upper portion, in particular in the higher end.  

It is also worthwhile to discuss the possible explanations for such differing impacts, alt-

hough further research is required to provide a more accurate answer. First of all, with self-

selective migration, it is reasonable to observe that density increases in the middle of wage 

distribution because migrants have moved more likely for wage opportunities. However, 

this is not a full explanation since different segments of wage density are affected une-

qually. In this case, other indirect effects of migration need to be considered for clarifica-

tion. For instance, migration increases the demand for local goods and services (e.g. phy-

sicians, hair-dressers, kindergarten professions and so on) in the destination province, 
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which has a positive impact on wage structure in that province. At the same time, offsetting 

impact may be expected if migrants displace existing workers or compress their wages 

because of an increase in labour supply in destination province.  

In the context of this study, it is equally important to also think about the source provinces 

because the empirical analysis (conducted in section 5.3) does not distinguish between out-

migration and in-migration. In this case, any worker who is leaving a province would not 

only impact the wage structure in the destination province but also in the source province. 

A first mechanism that can be relevant is a decrease in labour supply in the source province 

causing wage increases in that province. Another mechanism could be long-run job losses 

in the source provinces due to dis-agglomeration or human capital losses of persistently 

negative net migration of workers, particularly skilled workers, as can be understood from 

the literature above.    

5.3.3 Migration Effects Across Skill Groups 

It is also interesting to further discuss the implications that internal migration has for the 

wage structure of specific groups of individuals. Such groups of interest could be defined 

by education to proxy for skilled and unskilled workers (Card and DiNardo, 2002). There-

fore skilled workers are defined as those with a bachelor’s degree or above, whereas the 

rest of the workers are considered unskilled. Findings are presented in Figure 5-5 and Fig-

ure 5-6, which illustrate wage densities with corresponding T-values for skilled workers, 

and unskilled workers, respectively.    
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The effect of internal migration on skilled workers can be seen in almost the entire wage 

distribution by looking at the second graph of Figure 5-5. Migration increases the mass of 

skilled workers in the lower end of the wage distribution, although the magnitude of the 

effect is notably small relative to other segments. As we move to higher levels, migration 

reduces the density up to the middle of the distribution. In the middle, however, migration 

has a positive impact with the largest effect in magnitude compared to other segments of 

the distribution. The effect sharply declines (in magnitude) at the higher portion of the 

wage distribution, and gradually disappears as we move towards the higher end. And lastly, 

it seems that wage inequality among skilled workers would have been larger by almost 

40% (0.61 vs 0.41) if there was no internal migration.  

As for unskilled workers, a similar pattern of migration impact is observed in Figure 5-6 

(second graph), although the magnitude of the effects is quite different from what was 

observed for skilled workers. To make a comparison between the impacts on skilled and 

unskilled workers, the migration effect seems to be larger for unskilled workers at the lower 

end of the wage distribution. In the middle of the unskilled wage distribution, however, the 

magnitude of the effect is smaller. It is because the mass of skilled workers increases by 

0.2 in the middle of their wage dispersion, whereas the mass of unskilled workers increases 

by only 0.16. It is also interesting to realize that Theil’s index would have been substan-

tially larger for unskilled workers if there was no migration (0.88 in the counterfactual case 

vs 0.34 in the factual case).  
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Figure 5-5. Skilled workers wage densities with corresponding Theil’s values 

 

 

T=0.41 

T=0.38 T=0.61 
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Figure 5-6. Unskilled workers wage structures with corresponding Theil’s values 

  

5.4 Summary and Conclusion 

This is the first study, to the best of my knowledge, that attempts to assess the impact of 

interprovincial migration on wage distribution in Canada. Using the 2016 Census PUMF, 

a counterfactual model is adopted that enables the researcher to learn about wage structure 

in the absence of internal migration.   

In summary, the findings show that internal migration cuts wage inequality (measured by 

Theil’s index) by almost half. It also changes the appearance of wage density (represented 

T=0.34 

T=0.37 T=0.88 
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by Kernel wage density). Looking at the lower end of the distribution for all observations 

reveals that internal migration has volatile impacts (i.e. both increasing and decreasing ef-

fects), although overall, it seems that these effects are somewhat offsetting each other as 

the absolute value of changes in the densities are more or less equal. Moving from the 

lower end toward higher wages, mass sharply decreases in the mid-lower portion and sub-

stantially rises in the middle (i.e. some degree of polarizing effect is detected). Internal 

migration, however, seems to have less effect on the upper range of wages such that it 

almost fades away in the very high end of the distribution.  

To present the results in numeric fashion, corresponding Theil’s values are also computed 

for all the wage densities (factual wage density, and counterfactual). The inequality effect 

of interprovincial migration is substantially large. The results show that the magnitude of 

Theil’s value would have been twice as large in the absence of migration (i.e. 0.79 instead 

of 0.4, as shown in Figure 5-4).  

Furthermore, it is found that interprovincial migration is an important determinant of wage 

distribution across skill groups (measured by education). In the absence of migration, wider 

wage density curves should be expected for both skilled and unskilled workers. According 

to estimated counterfactual Theil’s value, wage inequality would have been 1.5 and 2.5 

times larger for skilled and unskilled workers, respectively.  

A limitation of this study, however, is that it cannot provide a clear explanation as to why 

such volatility is observed in the lower end of the wage distribution. Possible explanations 

are provided in sub-section 5.3.2, but further research is required to address this challenge. 
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Chapter 6    

Overall Conclusion 

Essay Summaries: 

Dealing with a challenging and controversial field of study, this project is an empirical 

exercise to discover and test various potential determinants of wage inequality for Canada 

at the industry level in Chapter 3 and CMA level in Chapter 4. Chapter 5 examines the 

effect of interprovincial migration on wage inequality.  

Considering two-digit industries as the unit of study in Chapter 3 (i.e. twenty industrial 

NAICS 2007 groups), a two-round empirical analysis is conducted in which wage inequal-

ities are measured by Theil’s values for industries in the first step. The decomposition re-

sults demonstrate that industry differentials account for about 10% of Canadian wage ine-

quality in each census year (1996, 2001, 2006, 2011, and 2016), while the rest of inequality 

is attributed to variation within industries. 

In the second round, a pooled OLS regression analysis is conducted to generate estimates 

for wage inequality within the industries to explore the determinants of inequality varia-

tions within industry groups. The dependent variable is the log of the within-industry 

Theil’s index from the first round.  
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In this regression model, Lerner’s index (to represent industry monopoly power) is a vari-

able of interest examined for the first time in the Canadian literature. Lerner’s index is 

found to be an important and significant variable that affects  wage distribution  within 

industries. The estimated coefficient is also robust to model specification. It turns out that 

the effect of this index is negative (one-point increase in the Lerner’s index is associated 

with a 0.19% decrease in within-industry inequality). In this case, an industry with larger 

monopoly power is predicted to realize a lower level of inequality, a finding that is con-

sistent with the rent-sharing theory in the monopoly literature. 

 All the other variables in the regression model (such as union share, export and import 

exposures, innovation index, the growth rate of the industry, job status as well as demo-

graphic variables) are also included as control variables, following the literature. Their cor-

responding estimated coefficients are more or less consistent with what the literature gen-

erally expects and finds. More details are available in the empirical section of Chapter 3.   

The second empirical essay (Chapter 4) is also a two-round analysis, but from a different 

angle, i.e. within and between wage inequality for CMAs rather than for industries. In the 

first round, Theil’s decomposition results show that almost all wage inequality observed 

across CMAs is attributable to inequality within CMAs (accounting for over 97% of overall 

wage inequality across all CMAs) rather than between them (contributing by 3% or less).  

The generated Theil’s values for CMAs in the first round are used as the dependent variable 

in the second round to investigate potential determinants of within-CMA inequalities in an 
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OLS framework. Of all the independent variables, two are tested for the first time in the 

literature, namely average city rent (ACR), and regional growth clusters (RGCs).  

ACR (a measure of the industrial composition of CMAs in terms of high-pay industries 

and low-pay industries) negatively impacts the within-CMA inequality. That is, CMAs 

with a 1% larger composition of high-pay jobs would experience a lower level of inequality 

(by 0.14%), assuming other factors constant.  

Regional Growth Clusters (RGCs), a variable to capture the effect of the growth rate of 

major industrial clusters of a CMA, is also found to be an important determinant of within-

CMA inequality. It is shown that a faster rate of growth of industrial clusters tends to in-

crease the earnings inequality by 0.51%. Several other control variables are also included 

in the regression equation, and the estimated coefficients are consistent with previous stud-

ies. More details on estimation results are available in Table 4-2.  

Turning attention to the effect of interprovincial (internal) labour mobility on wage ine-

quality in Canada, the third essay (Chapter 5) attempts to discover any potential impact 

that it may have on the Canadian wage structure. To do so, a semiparametric counterfactual 

model is considered in which Kernel wage densities, and the Theil’s index are estimated in 

the absence of migration. Using the 2016 PUMF, the results show that wage inequality 

would have been almost twice larger in the absence of migration (counterfactual 

Theil=0.79 vs factual Theil=0.4), a finding consistent with self-selection theory that pre-

dicts a reduction in within-wage inequalities due to internal migration.  
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In addition, the estimated wage density shows that internal migration imposes a larger im-

pact in the lower portion of the wage distribution than in the upper portion because the 

effect begins to disappear at the higher end of the distribution. In the lower portion, some 

degree of polarization is observed.  

Additional numerical results are found to be interesting when exploring the effect of inter-

provincial migration on skill groups (measured by education). In the absence of internal 

migration, both skilled and unskilled workers would have experienced larger wage ine-

quality, i.e. 48% and 158% larger, respectively. Looking at wage densities, the migration 

effect seems to be larger for unskilled workers in the lower end of the wage distribution 

than it is for skilled workers. In the middle of the unskilled wage distribution, however, the 

magnitude of the effect is relatively smaller. In the upper portion of wage distribution, the 

effect fades away for both groups.  

Contributions and Implications: 

As a fairly comprehensive examination of wage inequality, this project attempts to make a 

contribution to the literature by testing new determinants of wage inequality in Canada. 

Although the goal was not to offer specific policy suggestions, this examination finds that 

a variety of policies will influence wage inequality.  

At the industry level (e.g. aviation sector or oil sector), easing merger and acquisition reg-

ulations can increase the relative monopoly power of the industry and, therefore, somewhat 

reduce the wage inequality within that industry. At the CMA level, targeted policies could 

be considered for regional growth clusters (RGCs). As described in Chapter 4, the growth 



 Chapter 6  104 

 

 

of each CMA’s economy heavily relies on these RGCs. An effective policy toward reduc-

ing inequality could be regulations that could provide incentives for these RGCs to spend 

more resources on R&D and computer expenditures. And finally, the results of the third 

essay imply that policies could be considered for facilitating interprovincial migration op-

portunities as it has a large mitigating impact on wage inequality.  

Future research can also benefit from this study. One interesting research question concerns 

how wage inequality responds to economic booms and busts, including the recent eco-

nomic shocks due to the COVID-19 epidemic. Although it requires further research, such 

shock impacts inequality through various sources.  

On the one hand, with recently massive layoffs, wage inequality is expected to rise because 

the effect of unemployment on within-CMA inequality is positive, as presented in Table 4-

2. The estimated coefficient for part-time share is also positive, meaning that an increase 

in the share of part-time workers would result in an increase in wage inequality. On the 

other hand, a slower growth rate in CMA’s RGCs is expected to mitigate within-CMA 

inequality because the estimated coefficient for RGC is positive and fairly large. Therefore, 

the final effect could go either way in the coming years, depending on the magnitude of 

changes in the determinants of wage inequality.  

Pitfalls: 

Having said that, it is equally important to mention that this study faces a number of limi-

tations and pitfalls. The first limitation is that the Lerner’s index of Chapter 3 is estimated 

under a lack of readily available data. Lerner’s values are computed using aggregate data 
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(multifactor productivity data) at two-digit industrial groups, whereas a more accurate way 

would use plant-level data, which is hardly available.  

In Chapters 3 and 4, several data sources have been combined to conduct the regression 

analysis. There can be found some degree of inconsistency across data sources, or even 

within a specific data source (e.g. definition of R&D has changed over time, or industrial 

groups from input-output tables (for constructing trade variables and R&D) differ from that 

in the Census). Such inconsistency would cause noise in the estimates.   

The estimated coefficient for innovation is not robust, as found in Chapters 3 and 4, 

whereas previous studies have found significant evidence for it. This limitation arises due 

to the lack of readily available data. The R&D definition of innovation has been considered 

in this study using input-output tables. This definition is suitable for the industrial aspect 

of inequality, whereas the output definition of R&D using a patent dataset might be more 

appropriate when the urban aspect of inequality is under investigation.   

And lastly, it is found in Chapter 5 that internal migration is an important determinant of 

wage inequality with differing impacts on certain ranges of the wage density. In particular, 

in the lower end, the volatile impact is observed. However, a limitation of this study is that 

it is not able to offer a clear explanation as to why such volatility is observed in the lower 

end of the wage distribution. Possible explanations are provided in sub-section 5.3.2, but 

further research is required to address this challenge.  
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Appendix 

Appendix I 

Scatter plots of within-industry T values ( in the log) in the vertical axis, with other control 

variables in the horizontal axis: 

 

Figure A-1: Industry T index vs sectoral Lerner’s index 
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Figure A-2: Industry T index vs industry union rates 

 

 

Figure A-3: Industry T index vs share of workers with bachelor’s degree or above in industry employment 
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Figure A-4: Industry T index vs share of part-time workers in industry employment 

 

 

Figure A-5: Industry T index vs industry rate of growth 
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Figure A-6: Industry T index vs share of male workers in industry employment 
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Appendix II 

Theil’s values for individual CMAs (Within-CMA wage inequality): 

CMA 1995 2000 2005 2010 2015 
CMA average  

over time 
St. John's 0.36897 0.36415 0.40276 0.35099 0.45962 0.389298 
Halifax 0.33576 0.3821 0.38469 0.34727 0.40037 0.370038 
Moncton 0.363 0.35971 0.33427 0.34278 0.32698 0.345348 
Saint John 0.36599 0.51305 0.38354 0.35619 0.33026 0.389806 
Saguenay 0.34057 0.3139 0.32065 0.3266 0.31699 0.323742 
Quebec 0.31756 0.31486 0.30883 0.29188 0.30647 0.30792 
Sherbrook 0.33645 0.31863 0.32082 0.32902 0.32624 0.326232 
Trois-Riviera’s 0.34392 0.33933 0.32809 0.3134 0.31021 0.32699 
Montreal 0.35835 0.37368 0.41041 0.40595 0.45056 0.39979 
Ottawa 0.32462 0.36873 0.38263 0.34536 0.36577 0.357422 
Kingston 0.35487 0.42027 0.39765 0.37113 0.38363 0.38551 
Peterborough 0.38569 0.38442 0.39158 0.37307 0.39027 0.385006 
Oshawa 0.30791 0.31339 0.35462 0.36472 0.36981 0.34209 
Toronto 0.39755 0.48972 0.58536 0.51913 0.5905 0.516452 
Hamilton 0.35353 0.38495 0.44139 0.42359 0.45646 0.411984 
St.Catharines 0.36235 0.36373 0.3981 0.37415 0.38096 0.375858 
Kitchener 0.35932 0.37121 0.43927 0.41354 0.39642 0.395952 
Brantford 0.33504 0.31034 0.35053 0.36937 0.31614 0.336284 
Guelph 0.33938 0.35131 0.39367 0.3903 0.42487 0.379906 
London 0.35505 0.3852 0.37714 0.38055 0.38081 0.37575 
Windsor 0.35058 0.37763 0.39417 0.39116 0.41697 0.386102 
Barrie 0.33726 0.33409 0.3588 0.36471 0.41779 0.36253 
Sudbury 0.35264 0.35781 0.37705 0.38774 0.34649 0.364346 
Thunder Bay 0.32692 0.34445 0.34001 0.37808 0.34148 0.346188 
Winnipeg 0.35659 0.38146 0.39914 0.35931 0.43826 0.386952 
Regina 0.34694 0.34683 0.34739 0.35661 0.34633 0.34882 
Saskatoon 0.38 0.39535 0.51101 0.38908 0.39335 0.413758 
Calgary 0.42367 0.46647 0.71362 0.60123 0.59009 0.559016 
Edmonton 0.38753 0.38942 0.48085 0.40227 0.43178 0.41837 
Kelowna 0.36302 0.37514 0.42113 0.39253 0.43305 0.396974 
Abbotsford 0.35853 0.37042 0.39351 0.35737 0.35978 0.367922 
Vancouver 0.37925 0.40456 0.49165 0.47172 0.45724 0.440884 
Victoria 0.32723 0.33013 0.41293 0.37994 0.39625 0.369296 
Average across 
CMAs 

0.354425 0.372619 0.404462 0.382447 0.395521 0.381895 
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Appendix III 

Scatter plots of within-CMA T values ( in the log) in the vertical axis, with other control 

variables in the horizontal axis. 

 

 

Figure A-7: CMA T index vs log of ACR index 
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Figure A-8: CMA T index vs employment growth rate of RGCs 

 

 

Figure A-9: CMA T index vs share of part-time workers in CMA total employment 
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Figure A-10: CMA T index vs share of male workers in CMA total employment 

 

 

Figure A-11: CMA T index vs CMA size (population size of age 15 or over) 
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Figure A-12: CMA T index vs minimum wages (deflated by provincial CPI) 

 

 

Figure A-13: CM T index vs oil-region dummy variable 
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Figure A-14: CMA T index vs manufacturing share in total employment of CMA 
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Figure A-15: CMA T index vs  CMA import exposure 

 

 

Figure A-16: CMA T index vs  CMA export exposure 
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Figure A-17: CMA T index vs  CMA innovation index 
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Appendix IV 

The reweighting procedure in the DFL method is based on a random assignment of proba-

bility values for each observation. However, the method is designed to allow for more 

flexible assignment of weights to observations by using the following logit model of mi-

gration in which the probability of being a migrant is estimated and applied as weight. 

Estimation results are provided.   

     

�� = �� +  ������ +  ������
� +  ��ℎ������ + ������ +  ���������� + ��������

+  ������ +  ����������� + �� 

Estimation results (migration* is the dependent variable), with standard errors reported in parentheses 

Independent Var For all observations For skilled workers For unskilled workers 

agegrp 
0.41 

(0.04) 
0.09 

(0.07) 
0.52 

(0.04) 

agegrp2 
-0.03 
(0.00) 

-0.02 
(0.00) 

-0.03 
(0.00) 

hdgree 
0.06 

(0.00) 
0.14 

(0.01) 
0.02 

(0.01) 

sex 
0.13 

(0.02) 
0.18 

(0.03) 
0.09 

(0.02) 

married 
0.21 

(0.02) 
0.15 

(0.03) 
0.24 

(0.03) 

kid 
-0.92 
(0.02) 

-0.87 
(0.03) 

-0.91 
(0.02) 

prairies 
1.05 

(0.03) 
1.13 

(0.05) 
1.01 

(0.04) 

unemp 
-0.05 
(0.01) 

-0.04 
(0.02) 

-0.05 
(0.01) 

cons 
-4.44 
(0.20) 

-3.28 
(0.43) 

-4.85 
(0.24) 

*migration = 1 if the individual is a migrant, and =0 if non-migrant 


