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Abstract

This dissertation studies the impact of immigration on Canada. The Þrst
chapter analyzes the heterogeneous impact of immigration on crime rates
along the years-since-arrival dimension and Þnds two robust patterns. First,
new immigrants do not have a signiÞcant impact on the property crime rate,
but with time spent in Canada, a 10% increase in the recent-immigrant
share or established-immigrant share decreases the property crime rate by
2% to 3%. Neither underreporting to police nor the dilution of the criminal
pool by the addition of law-abiding immigrants can fully explain the size
of the estimates, suggesting the existence of a spillover e! ect. Second,
IV estimates are consistently more negative than their OLS counterparts.
By not correctly identifying the causal channel, OLS estimation leads to
the incorrect conclusion that immigration is associated with higher crime
rates. The second chapter discusses the productivity value associated with
the diversiÞed workforce brought in by immigrants. Instead of treating
immigrants as one homogeneous group conditional on their level of education
and experience, this chapter focuses on the composition of immigrants
and studies the impact of diversity (by source country) on the wages of
native workers. Results show a strong positive impact of diversity among
highly-educated immigrants on the wages of less-educated native-born
workers. This chapter uses a novel approach to test for di! erent channels
of the spillover and Þnds evidence supporting the presence of a productivity
spillover and a general-equilibrium demand spillover. The last chapter
assesses the impact of new immigrants who arrived Canada within the past
ten years on wages of native workers and more established immigrants. City
level labour markets are stratiÞed along occupation lines. Results show that
new immigrants do not have an impact on the wages of native workers, but
they decrease the wages of the immigrant workers who arrived more than a
decade earlier. The negative impact is more prevalent for male immigrant
workers than for female immigrant workers. The Þndings imply that new
immigrants and natives are not perfect substitutes, and the competition
between new immigrants and established-immigrants is at a higher level.
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Chapter 1

Introduction

In the past several decades, developed countries have received large inßows of
immigrants. The magnitude of the foreign born population has changed the
demography and culture of the hosting country and raised concerns among
general public and policy makers. Countries have di! erent demographic
and economic goals, and therefore, have adopted di! erent approaches in
admitting new immigrants. Among developed countries, Canada has always
been a pioneer in immigration reform. Especially, since the introduction of
a point-based selection system in 1967, the immigrant population in Canada
has become more diversiÞed and better educated, in sharp contrast to other
major immigrant-receiving developed countries.

Existing academic debate about the impact of immigration on the
hosting country mostly focuses on the experience in the United States.
Studies that use Canadian data tend to be more interested in examining
the gap of economic outcomes between immigrants and natives and the
assimilation process of immigrants. Few studies assess the impact of
immigration on Canada, partly due to the concern that the number of
metropolitan areas is small and that immigrants tend to concentrate in the
three major cities: Toronto, Montr«eal, and Vancouver. Yet, an examination
of the trend of immigrant share in selected metropolitan areas suggests that
cities vary not only on immigrant shares, but also on the growth rate of
immigrant shares (Figure 1.1). This suggests that Canadian data could
provide meaningful variations for assessing the impact of immigration. The
goal of this dissertation is to Þll in the gap by providing an extensive analysis.

An essential feature of this dissertation is the emphasis on causal
relationships. Because immigrants react to economic incentives, their
location choice is not random. This endogeneity poses a challenge to
empirical strategy. This dissertation uses an instrumental variable strategy
(IV), which uses the historical distribution of immigrants from a certain
country to allocate new waves of immigrants from that speciÞc country, to
identify the causal relationship between immigration and various outcomes.
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Dissertation Outline

Figure 1.1: Trend of Immigrant Share in Canada, Selected CMAs
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Note: Reginal-Saskatoon is combined due to the limitation of public use Census. In the

master Þles of census, CMAs are not combined.

Dissertation Outline

Chapter 2 Immigration and Crime investigates the impact of immigration
on crime. There is growing belief in many developed countries, including
Canada, that the large inßux of the foreign-born population increases crime.
Despite the heated public discussion, the immigrant-crime relationship is

2
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understudied in the literature. This chapter identiÞes the causal linkages
between immigration and crime using panel data constructed from the
Uniform Crime Reporting Survey and the master Þles of the Census of
Canada. This chapter distinguishes immigrants by their years in Canada and
deÞnes three groups: new immigrants, recent immigrants and established
immigrants. An instrumental variable strategy based on the historical
ethnic distribution is used to correct for the endogenous location choice
of immigrants. Two robust patterns emerge. First, new immigrants
do not have a signiÞcant impact on the property crime rate, but with
time spent in Canada, a 10% increase in the recent-immigrant share or
established-immigrant share decreases the property crime rate by 2% to
3%. Neither underreporting to police nor the dilution of the criminal pool
by the addition of law-abiding immigrants can fully explain the size of the
estimates. This suggests that immigration has a spillover e! ect, such as
changing neighbourhood characteristics, which reduces crime rates in the
long run. Second, IV estimates are consistently more negative than their
OLS counterparts. By not correctly identifying the causal channel, OLS
estimation leads to the incorrect conclusion that immigration is associated
with higher crime rates.

Chapter 3 Ethnic Diversity and Labour Market Outcomes of the Native
Born discusses the productivity value brought in by the increasingly
diversiÞed workforce. Instead of treating immigrants as one homogeneous
group conditional on their level of education and experience, this chapter
focuses on the composition of immigrants and studies the impact of
diversity (by source country) on the wages of native workers. This
chapter uses an IV strategy based on the historical ethnic distribution and
separates the impact by education level. Although diversity of less-educated
immigrants appears to have a negative impact on wages, this negative impact
disappears after controlling for the share of the foreign-born population,
which suggests that the diversity of low educated workers is picking up
the e! ect of increased supply of low educated workers. More strikingly,
diversity of highly educated immigrants (Bachelors degree and above) has
a strong and robust positive impact on wages of less-educated natives,
suggesting that diversiÞed workers from di! erent cultural backgrounds
may bring skills, abilities, and creativity that are complementary to each
other in the production process. This chapter uses a novel approach
to test for two distinctive, but not mutually exclusive, mechanisms of
the spillover e! ect from diversity of highly-educated immigrants to wages
of less-educated natives. ÒProductivity spilloverÓ refers to the channel
when highly educated immigrants increase the productivity of workers they

3
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interact with, while Ògeneral-equilibrium demand spilloverÓ refers to the
mechanism when highly-educated immigrants increase demand for goods
and services provided by less-educated natives. Empirical results support
the existence of both mechanisms, and favours the Òproductivity spilloverÓ
channel.

Chapter 4 Assessing the Impact of Immigration on Wagesstudies the
impact of new immigrants (immigrants who arrived Canada within the
past ten years) on wages of natives and established immigrants. Regional
labour markets are deÞned by census metropolitan areas that are further
stratiÞed along occupation lines. As an IV strategy, this chapter uses the
historical distribution of immigrants from a certain country to allocate new
waves of immigrants from that country to address the endogeneity concerns.
Results show that recent immigrants do not have an impact on the wages
of native workers, but they decrease the wages of the immigrant workers
who arrived more than a decade earlier. The negative impact is more
prevalent for male immigrant workers than female immigrant workers. The
Þndings in this chapter suggest that new immigrants and native workers are
not perfect substitutes, but the competition between new immigrants and
established-immigrant workers is at a higher level.

Chapter 5 concludes.

4



Chapter 2

Immigration and Crime

2.1 Introduction

In most countries that have a large inßux of immigrants each year, the
general public and policy makers are concerned about the impact of the
increasing foreign-born population on society. Many academic studies
focus on whether immigrants displace native workers, drive down wages, or
increase inequality [Borjas, 2003; Card, 2001, 2005, 2009]. Recent literature
also looks at impacts beyond the employment rate and wages, including the
housing market [Saiz, 2003, 2007; S«a, 2011], consumption prices [Cortes,
2008], and innovation [Hunt and Gauthier-Loiselle, 2010]. One important
consequence of immigration that captures the headlines in the media but is
understudied is the impact of immigration on crime.

International opinion surveys [Simon and Sikich, 2007; Simon and
Lynch, 1999] compare the public views on immigration in seven developed
countries: Australia, Canada, West Germany, East Germany, Great Britain,
Japan, and the United States. Between 1995 and 2003, the percentage of
respondents who believe immigrants increase crime grew in all six countries
except for the United States.1 Even in Canada, where over 60% of the
respondents consider immigrants beneÞcial to the economy, there are still
about 30% of the respondents who believe immigrants increase crime rates.

Despite the widespread public concern, evidence that a relation between
immigration and crime exists, especially one that focuses on a causal linkage,
is very limited.2 The goal of this study is to systematically assess the impact
of immigration on crime, taking advantage of the high quality Census of
Canada master Þles and the reliable source of crime statistics from the

1Compared to Canada where 21% of the respondents who believe immigrants increase
crime rate in the 1995, in the US there were 34% of the respondents who believe so.
Although the percentage dropped in the US, it reached a similar magnitude to the share
of respondents in Canada.

2Sociologists and criminologists have studied the immigration-crime relationship, see
for example, Samuel and Faustino-Santos [1991], Tonry [1997], and Dinovitzer et al.
[2009].
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2.1. Introduction

Uniform Crime Reporting Survey (UCR). The contribution is threefold.
First, by adopting an instrumental variable (IV) strategy, this chapter

establishes the causal relationship between the immigrant share and crime
rates. An ordinary least squares (OLS) model faces several challenges. For
example, reverse causality resulting from the endogenous location choice of
immigrants could bias the estimates. On the one hand, immigrants may
prefer to locate in areas with low or decreasing crime rates for a better
quality of life. On the other hand, areas with higher or increasing crime
rates may have lower housing prices, therefore, attract immigrants with few
Þnancial assets. Next, there could exist unobserved political or economic
factors that attract immigrants and a ! ect crime rates at the same time,
making the immigrant-crime relationship endogenous. To address these
issues, this chapter adopts an IV strategy that is based on the observation
that immigrants tend to go to places where their families and friends are.
The historical distribution of immigrants is used to allocate the inßow of
new waves of immigrants to obtain the exogenous variation of immigrant
shares. This chapter Þnds that IV estimates are consistently more negative
than OLS estimates. This robust pattern suggests that without correctly
identifying the causal channel, OLS estimations tend to bias the estimates
upwards and lead to the false conclusion that higher crime rate is correlated
with a higher share of immigrants.

Second, this chapter investigates the heterogeneous impact of
immigration on crime rates along the years-since-arrival dimension. The
impact on crime along this dimension has never been studied before and
is likely important because newcomers face more challenges in the labour
market compared to more established immigrants. Within the orthodox
economic model of crime participation (Becker [1968], Ehrlich [1973], and
see Freeman [1999] for a review), worse labour market outcomes mean
lower opportunity costs for criminal activities. Therefore, new immigrants
could have a di! erent impact on the crime rates than more established
immigrants. Three groups are deÞned: new immigrants (who have been in
Canada for less than 5 years), recent immigrants (who have been in Canada
for 5-10 years) and established immigrants (who have been in Canada for
more than 10 years). The empirical results show a robust pattern: new
immigrants that have been in Canada for less than Þve years do not have a
signiÞcant impact on the property crime rate and, as they stayed longer, a
10% increase in the recent-immigrant share or established-immigrant share
reduces the property crime rate by 2% to 3%. This pattern is robust to
model speciÞcation and is further validated by falsiÞcation tests that utilize
the structure of the panel data constructed for this chapter. Bell et al.

6



2.1. Introduction

[2013] also distinguish immigrants by their relative economic outcomes by
comparing the crime impact of asylum seekers and European Union workers
in the United Kingdom. The pattern in this chapter is consistent with
their Þndings in the sense that immigrants who have better labour market
opportunities do not increase crime rates.

Last but not least, this chapter provides the Þrst national evidence on
the causal relationship between immigration and crime in the Canadian
context. The Canadian experience is particularly interesting because its
pioneering points-based selection system, which was Þrst introduced in 1967,
emphasizes the selection of those with skills suitable for CanadaÕs labour
market. Several countries, such as Australia, New Zealand and United
Kingdom, have introduced similar policies in recent decades,3 and many
countries, including the United States, are considering taking a similar
approach. As a result of the skill-oriented selection policy, the immigrant
population in Canada is very di! erent from that in the few countries where
there are economic studies on the immigrant-crime relationship. In the
United Kingdom, 4 Bell et al. [2013] Þnd that asylum seekers slightly
increase the property crime rates, while workers from the European Union
countries do not have such an impact. One recent study in the United
States [Spenkuch, 2013] and another in Italy [ Bianchi et al. , 2012] Þnd
that immigration slightly increases the crime rates. Nonetheless, as Figure
2.1 depicts, the rise of the immigrant population in Canada coincides with
the trend of decreasing crime rates since the early 1990s. Understanding
the implications of immigration in Canada, a major immigrant receiving
country, is not only important for public knowledge and academic interests
in Canada, but it is also valuable for countries that are considering adopting
a similar immigrant selection policy.

To explore the underlying reasons of the large crime reduction e! ect of
immigration, the Victimization Cycles of the General Social Survey (GSS)
is investigated to supplement the core analysis. The analysis rules out
the possibility that the crime reduction e! ect is due to immigrants being
reluctant to contact police when crime happens. In addition, a simple
accounting exercise suggests that a pure dilution e! ect (i.e., a large inßux of
a law-abiding population diluting the criminal pool) could explain at most
30% of the estimated e! ects. Therefore, this chapter argues that an initial

3Australia adopted a point system in 1979, New Zealand in 1991, United Kingdom in
2008.

4Although the United Kingdom currently has a point-based immigrant selection
system, the two waves of immigrants the authors studied, arrived before the system was
introduced.
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Figure 2.1: Trend of Immigrant Share, Young Male Share, Crime Rates,
Canada, 1977-2010
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Note: Crime rates are displayed as the number of incidents per 100,000 population.

Immigrant rate is deÞned as the number of immigrants devided by the total population.

Young male rate is deÞned as the number of male aged 15 to 30 devided by the total

population.

dilution e! ect could operate through a spillover e! ect, such as revitalizing
the community. In the long run, immigrants could reduce crime rates. This
conjecture is consistent with the existing evidence that a decrease in crime
rates leads to future accumulative crime reduction [Funk and Kugler, 2003;
Corman and Mocan, 2005; Caetano and Maheshri, 2013].

The rest of the paper is organized in the following way. Section2.2
discusses related literature on immigration and crime. Section2.3 describes
the data sources and presents some summary statistics. Section2.4 outlines
the empirical model and discusses the construction and validity of the
instrumental variable. Section 2.5 presents the OLS and IV results, as

8



2.2. Immigrant-Crime Relationship

well as robustness and falsiÞcation tests. Section2.6 discusses the possible
mechanisms that could explain the magnitude of the estimates. Section2.7
concludes.

2.2 Immigrant-Crime Relationship

The standard economic model of crime [Becker, 1968; Ehrlich , 1973;
Freeman, 1999] assumes that individuals are rational. They weigh the cost
and beneÞt between legal and illegal activities, and choose the option that
makes them better o! . The opportunity cost of crime takes into account
the possibility of getting caught and the expected punishment.

Within this framework, the general publicÕs worry that an increase in the
immigrant population would increase the crime rates is plausible because
the legitimate labour market does not provide as good opportunities for
immigrants as it does for natives. For example, not only do studies Þnd
that new immigrants in Canada earn less than native-born workers, but this
entry-earning disadvantage has been increasing since the 1970s [Aydemir and
Skuterud, 2005; Frenette and Morissette, 2005; Green and Worswick, 2012].
Immigrants also have higher unemployment probabilities in the Þrst Þve
years after landing [McDonald and Worswick, 1997; Picot and Sweetman,
2012].

Moreover, immigrants could increase crime rates indirectly by increasing
inequality, displacing native workers, and reducing the wages of natives.
For instance, Borjas et al. [2006] Þnd a strong negative correlation in the
United States between immigration and wages, unemployment rates and the
incarceration rates of US-born African Americans. In Canada, despite the
importance of the subject, there are few studies that look at the impact of
immigration on the labour market outcomes of the natives. In the studies
that are available, Aydemir and Borjas [2011] Þnd that immigration has a
negative impact on Canadian wages andMoore and Pacey[2003] Þnd that
immigrants in Canada contributed to the increasing inequality from 1980 to
1995.5

Directly or indirectly, empirical evidence from labour market studies
suggests that it is possible that immigration would increase crime rates
in Canada. However, there also exist reasons to believe that the

5Chapter 3 and chapter 4 of this dissertation provide new evidence on the impact of
immigration on wages of native workers. They suggest that new immigrants do not have
a negative impact on native wages and that highly educated immigrants have a positive
productivity value.
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2.2. Immigrant-Crime Relationship

immigrant-crime relationship in Canada could operate in the opposite
direction.

Ever since the late 1980s, the selection criteria of Canadas immigration
policy has put more and more weight on human capital characteristics such
as education, work experience, and o" cial language ability, with the hope
that newcomers can achieve long-term economic success [Green and Green,
2004]. Over time, the immigrant population in Canada has become more
diversiÞed and better educated [Ferrer and Riddell, 2008]. As argued by
Lochner [2004], human capital investment increases the opportunity cost
of crime through the forgone wages and the expected future loss due to
incarceration. If so, better educated immigrants are less likely to be involved
in criminal activities.

Furthermore, Citizenship and Immigration Canada (CIC) requires a
complete criminal background check before admitting any new permanent
resident.6 The screening process is likely to select a law-abiding immigrant
population. In addition, immigrants can be ordered to be deported if
they are convicted of a serious crime,7 and such removal orders cannot
be appealed under many scenarios.8 The deportation threat increases
the expected cost of committing a crime for immigrants. Indeed,Samuel
and Faustino-Santos[1991] Þnd that Þrst-generation immigrants are more
law-abiding than comparable natives in Canada. At the aggregate
geographic level, a large inßux of a law-abiding population would dilute
the pool of criminals and reduce crime rates.

These conßicting factors make it hard to infer the immigrant-crime
relationship from theoretical reasoning or the existing literature. It is also
not possible to make a simple generalization from the handful of studies
in other countries. In the United States, earlier studies Þnd that recent
immigrants have no e! ect on the crime rates in metropolitan areas [Butcher
and Piehl, 1998; Reid et al. , 2005], while a recent study [Spenkuch, 2013]
Þnds that immigration increases property crime rates. In Italy, Bianchi
et al. [2012] Þnd that immigrants increase the incidence of robberies but
have no impact on other types of crimes. Bell et al. [2013] Þnd that the

6See CIC: http://www.cic.gc.ca/english/information/security/police-cert/
intro.asp , accessed on January 9, 2014.

7A crime is serious if: the maximum sentence someone could get is 10 or
more years in prison, even if they get a shorter sentence or no time at all in
prison, or the sentence that someone does get is more than six months in prison.
See Community Legal Education Ontario: http://www.cleo.on.ca/en/publications/
mentill/crimes-can-lead-deportation-order , accessed on January 9, 2014

8See Canada Border Services Agency: http://www.cbsa-asfc.gc.ca/media/
facts-faits/051-eng.html , accessed on January 9, 2014
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large inßux of asylum seekers to the UK slightly increases the property
crime rate while the large inßux of immigrants from EU accession countries
does not have such an impact. These studies reach various conclusions
due to the di! erences in the choice of methodology and time period. More
importantly, immigration policies and immigrant populations vary greatly
across countries. As a result, the immigrant-crime relationship di! ers by
countries. Identifying this relationship in Canada is an important empirical
matter.

2.3 Data

This chapter uses three data sources. The main panel data is created by
combining the Uniform Crime Reporting Survey (UCR) and the Census of
Canada master Þles (years 1981, 1986, 1991, 1996, 2001 and 2006). To
aid the interpretation of the Þndings, I also investigate the 1999 and 2009
General Social Survey - Victimization (GSS).

2.3.1 Main Analysis: Panel Data

UCR is an administrative data collected yearly from every municipal police
service. It reports the actual number of incidents by crime category from
1962 to the present.9 The o! ence deÞnitions and the reporting procedures
are uniform regardless of jurisdiction. It is the most reliable and the most
widely used source of crime statistics in Canada.

There are two caveats to consider when using the UCR. First, UCR only
reports the crime incidents that were detected by the police. Domestic
violence, theft with low monetary value, and Òvictimless crimesÓ such
as prostitution or possession of illegal drugs tend to be underreported
[Schmalleger, 2000]. Second, UCR only records the most serious o! ence
within each incident. Therefore, it tends to underreport the total number
of actual incidents. For example, if a violent assault happened during a
burglary, UCR would count it only as a violent crime (violent assault) and
would not record the property crime (breaking and entering).

Ehrlich [1996] deals with these caveats by assuming that the
underreporting rates are constant over time and across municipalities,
and argues that this assumption implies that the reported crime rate is
proportional to the actual but unobserved number of committed crimes and
can be viewed as a proxy of the true value. However, this assumption is

9The version used in this chapter contains crime statistics from 1977 to 2010.
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very strong. Thus, results reported in this chapter should be interpreted
with caution.

The Census of Canada master Þles (years 1981, 1986, 1991, 1996,
2001 and 2006) represent 20% of the Canadian population. Compared
to the public use data, the large sample in the master Þle can mitigate
the concern of sampling error [Aydemir and Borjas, 2011]. Three
detailed geographic levels are available for creating a national-representative
panel data: provinces and territories, census divisions (CD), and census
subdivisions (CSD).10 Among them, I choose the CD level for the following
considerations.

The Þrst and also the most fundamental consideration is the
compatibility with the UCR responding units. Statistics Canada deÞnes CD
as a Ògroup of neighbouring municipalities joined together for the purposes
of regional planning and managing common services (such as police or
ambulance services).Ó11 As the crime reporting units tend to be subdivisions
of CDÕs, crime statistics can be obtained by summing the number of incidents
from various police services within a CD.

The second consideration is the tradeo! between sample size and
cross-time comparability. Although the deÞnition of provinces and
territories is relatively stable, this level of aggregation yields only thirteen
observations for each census year. So few observations do not provide
enough statistical power for meaningful investigation. Yet, on the more
disaggregated level, though the number of CSDs is large, the code, name and
boundary deÞnition change from census to census. These constant changes
make the task of creating a comparable panel data very challenging.

Moreover, using slightly larger regional deÞnition can lessen the concern
that people travel from a di! erent region to commit crime because a
substantial share of crimes is committed by people who reside in a close
neighbourhood or community [Hipp, 2007; Bernasco, 2010].

Everything taken into account, CD is the most suitable geographic level
for the purpose of this study. Note that the actual CDs used in this study
do not correspond to the exact Statistics Canada deÞnition in any particular
year. The deÞnition of geographic unit is mostly based on the 2006 Standard
Geographical ClassiÞcation (SGC), adjusting for the previous boundary and
code changes on the CSD level. The procedure creates 281 stable geographic

10 Geographic code is deÞned hierarchically: each province consists of multiple CDs,
each CD consists of multiple CSDs.

11 Statistics Canada: http://www12.statcan.gc.ca/census-recensement/2011/ref/
dict/geo008-eng.cfm , accessed on January 9, 2014.
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units (referred to as ÒCDÓ henceforth) that cover all of Canada.12

Figure 2.2: Distribution of Immigrants on Census Division Level across
Canada, 2001

0.110 !  0.494
0.058 !  0.110
0.035 !  0.058
0.024 !  0.035
0.010 !  0.024
0.002 !  0.010

Immigrant Share in Population

Source: Census of Canada (2001)

Note: Due to the quality of the map data, this Þgure does not show the three

territories: Yukon, Northwest Territories, and Nunavut. The average immigrant share in

the three territories is 0.075.

Figure 2.2 depicts the percentage of immigrants in the population at
the CD level across Canada. CDs that are close to the southern border
have higher shares of immigrants, and there is a large variation across
Canada. In the later analysis, I categorize immigrants into three groups:
new immigrants (those who have been in Canada for less than 5 years),
recent immigrants (those who have been in Canada for 5 to 10 years), and
established immigrants (those who have been in Canada for over 10 years).
On average, new and recent immigrants each account for around 2.5% of
the CD population and the shares vary from 0% to around 10% across CDs.
See summary statistics in Table2.1.13

12 See Appendix A.1 for details about the CD construction and recoding.
13 Note on the number of observations: although there are totally 6 available censuses,

the year 1981 is used to create historical ethnic distribution for IV construction. Censuses
1986, 1991, 1996, 2001 and 2006 are used for the main analysis. Therefore, the summary
statistics in Table 2.1 only report 1374 observations, which is 5 years for 281 CDs, excluding
CDs with unmatched UCR variables. In the following empirical section, the Þrst di ! erence
model reduces 5 census years to 4 observations of each CD.
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Table 2.1: Summary Statistics for CD Level Variables

Number of Standard
Observations Mean Deviation Min Max

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

UCR variables
Property crime rate 1374 5.6 2.3 0.3 30.3
Violent crime rate 1374 1.2 0.8 0.0 17.3
Clearance rate (violent crime) 1374 47.8 11.2 18.0 97.7

Immigrant share
All immigrant 1374 17.7 14.0 0.2 50.0
New immigrant (0-5) 1374 2.6 2.8 0.0 11.2
Recent immigrant (5-10) 1374 2.5 2.6 0.0 9.9

Aggregated subgroups
African (0-10) 1374 0.4 0.5 0.0 2.8
Asian (0-10) 1374 2.5 3.4 0.0 12.0
European (0-10) 1374 1.1 0.9 0.0 3.7
South/Central American (0-10) 1374 0.6 0.8 0.0 3.5

Other characteristics
Female 1374 50.8 0.9 45.0 52.9
Married 1374 48.1 2.9 31.8 58.7
Rural population 1374 21.4 23.1 0.0 100.0
Less than high school educated 1374 35.8 10.7 15.3 75.1
High school educated 1374 23.2 3.4 6.7 32.3
Unemployment rate (less educated) 1374 11.1 5.1 2.0 52.4
Hourly wage (less educated, 2002 $) 1374 16.3 1.4 10.3 24.1
0 < Gini coe! cient< 1 1374 0.40 0.04 0.22 0.53

Age group share
Age 15-19 1374 7.0 0.8 4.4 11.8
Age 20-24 1374 7.2 1.3 3.1 14.4
Age 25-29 1374 7.5 1.7 3.0 12.9
Age 30-34 1374 7.9 1.4 3.7 12.4
Age 35-39 1374 8.2 1.0 4.2 11.8
Age 40-44 1374 7.9 1.0 3.8 10.6
Age 45-49 1374 7.0 1.3 3.3 10.2
Age 50-54 1374 6.1 1.2 2.8 10.1
Age 55-59 1374 5.2 1.1 2.0 10.1
Age 60-64 1374 4.5 0.9 1.1 9.1
Age 65-69 1374 3.8 0.8 0.6 9.1
Age 70-above 1374 7.8 2.4 0.9 18.5

Source: UCR and Census of Canada (1986, 1991, 1996, 2001, 2006)
Note: Summary statistics are for aggregated CD level variables. Means are weighted by
CD population. Because 1981 census is used for IV construction, dependent variables and
control variables are obtained from the last Þve censuses (1986, 1991, 1996, 2001, 2006).
Other than hourly wage and Gini coe ! cient, all variables are expressed as a percentage
value.

2.3.2 Supplement: General Social Survey

As a supplement, I analyze the General Social Survey 1999 and 2009
Victimization Cycles (GSS). The victimization cycles are designed to gather
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security- and crime-related information to complement the o" cial crime
statistics. Table 2.2 shows the summary statistics of variables from the GSS.
The population characteristics in GSS are consistent with those obtained
from the census, demonstrating the comparability between the two data
sources. Compared with the native population, immigrants are better
educated, older, more likely to be married, and more likely to reside in
metropolitan areas.

Table 2.2: Summary Statistics for GSS Variables

Immigrants Natives
Mean SD Mean SD

(1) (2) (3) (4)

Any contact with police in last 12 months
Contact as a victim 0.081 0.274 0.098 0.297
Contact as a witness 0.047 0.211 0.070 0.255

Immigrant groups
New immigrant (less than 5) 0.111 0.315
Recent immigrant (5-10) 0.145 0.352

Education variables
University or above 0.337 0.473 0.198 0.398
Diploma below bachelor 0.245 0.430 0.266 0.442
Some university or college 0.133 0.339 0.158 0.365
High school diploma 0.126 0.332 0.152 0.359
Below high school 0.159 0.366 0.226 0.418

Age variables
Age 15-29 0.187 0.390 0.272 0.445
Age 30-44 0.300 0.458 0.279 0.448
Age 45-49 0.275 0.447 0.250 0.433

Other characteristics
Female 0.503 0.500 0.508 0.500
Married 0.685 0.464 0.608 0.488
CMA 0.927 0.260 0.767 0.422

Number of observations 7,498 35,401

Source: General Social Survey (cycle 13 and cycle 23)
Note: Summary statistics are for individual level variables and are
weighted using survey weights.
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2.4 Empirical Methodology

2.4.1 First Di ! erence Model

Let i index geographic region (census division [CD] in this chapter) andt
index year. The immigrant-crime relationship can be modelled as

#
Crime it

P opit
= ! 0 + ! 1#

Imm N
it

Popit
+ ! 2#

Imm R
it

Popit
+ ! 3#

Imm E
it

Popit

+ ! 4# X it + " t + #it (2.1)

where " t are year dummies, and#it is an error term. # denotes the Þrst
di! erence operator.14 The Þrst di! erence model is estimated to account for
the CD Þxed unobservables.

The dependent variable is the crime rate. It is deÞned as the number of
incidents, Crime , divided by the total population, Pop. Imm N , Imm R

and Imm E are the number of new immigrants, recent immigrants and
established immigrants respectively. The shares of each immigrant group
are the key independent variables and the coe" cients of interest are! 1, ! 2

and ! 3.
X controls for characteristics of each CD. It includes demographic

variables such as population density [Glaeser and Sacerdote, 1999], gender
composition [Heidensohnet al. , 2007], age group size [Levitt , 1999], and the
fraction of the population with less than high school education [Lochner,
2004, 2007]. It also includes a group of socioeconomic variables. The
unemployment rate and average hourly wage are added to control for the
legitimate labour market opportunities [Grogger, 1998; Gould et al. , 2002].
The Gini coe" cient is included to control for income inequality [Chiu and
Madden, 1998; Kelly , 2000]. E! ectiveness of the criminal justice system
is approximated by the clearance rate [Wolpin , 1978; Ehrlich , 1996], which
is deÞned as the percentage of incidents solved by the police. It can be
viewed as a proxy of the cost of committing a crime.15 See Table2.1 for
summary statistics and Appendix A.3 for the detailed deÞnition of each
control variable. All regressions are weighted by population to correct
for heteroskedasticity. I also cluster standard errors to allow for serial
correlation.

14 Note that, because the census is carried out every 5 years," yt = yt ! yt ! 5
15 A crime can be cleared by charge or by ways other than the laying of a charge. For

a more detailed deÞnition and discussion of clearance, seeMahony and Turner [2012].
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2.4.2 FalsiÞcation Test

Figure 2.3: Timeline Illustration of UCR and Census

      2005 2006 2007 2008

June January January JanuaryJune JuneJanuary

Census 2006 UCR 2007

UCR 2006

The reference time of the census is mid-May, while the reference period
of UCR is each calendar year (from January 1st to December 31st).16 Figure
2.3 illustrates the timeline. The mismatch in reference periods raises two
issues. First, matching yeart census with yeart UCR undercounts the share
of immigrants by Þve months. Although the undercount does not a! ect the
estimation per se, it a ! ects the interpretation of the results. Second, some
property crimes reported in the Þrst Þve months of yeart might happen
before some new immigrants arrived in Canada, which makes the causal
argument less compelling.

With these concerns in mind, I exploit the time structure of the annual
UCR and the quinquennial census and estimate the following speciÞcation

#
Crime i, t + x

P opit
= ! 0 + ! 1#

Imm N
it

Popit
+ ! 2#

Imm R
it

Popit
+ ! 3#

Imm E
it

Popit

+ ! 4# X it + " t + #it (2.2)

When 0 < x # 4, the dependent variable is the crime ratex years later.
This speciÞcation provides evidence of the impact of immigration on crime
in the long run. When " 4 # x < 0, the dependent variable is the crime
rate x years ago. Because the current new-immigrant share should not a! ect
previous yearsÕ crime rate, whenx takes negative numbers, this speciÞcation
serves as a falsiÞcation test.

2.4.3 Instrumental Variable Construction

OLS estimation of Equation (2.1) may be biased for several reasons. First,
reverse causality might be an issue because an immigrantÕs location choice

16 Take t = 2006 as an example: new immigrants in 2006 are deÞned as those landed
between June 2001 and May 2006, property crime in 2006 is deÞned as the total number
of incidents happened between January 2006 and December 2006.
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could be a! ected by the CD level crime rates. On the one hand, immigrants
likely prefer locations with low or decreasing crime rates for a better quality
of life. On the other hand, due to the lack of Þnancial resources, newly
arrived immigrants may reside in areas with higher or increasing crime rates
due to lower housing costs. These two possibilities would bias the OLS
estimates in opposite directions.

Second, even after controlling for a rich set of variables, there could still
exist unobserved factors that attract immigrants and a! ect crime rates at
the same time. For example, a more liberal local government may allocate
more resources to improve immigrant settlement services and at the same
time, invest in innovative policing strategies. Such unobserved factors would
make the immigration-crime relationship endogenous. To be more speciÞc,
the endogeneity problem is

Cov(#
Imm N

it

P opit
, #it ) $= 0 , Cov(#

Imm R
it

Popit
, #it ) $= 0

To address these issues, I use an instrumental variable strategy
introduced by Card [2001]. It is based on the observation that new
immigrants tend to settle in areas where their families and friends are. In
Canada, nearly 60% of newcomers identify their tie to families or friends as
the primary reason for choosing their destination, and about 70% of new
immigrants already had a network of families or friends in the area where
they choose to reside [Chui, 2003]. For new immigrants, their families and
friends are most likely to come from the same country or region. Therefore,
it is reasonable to approximate the strength of the immigrant pull factor by
the size of the existing immigrant population from the same source region.

The instrument uses the 1981 distribution of immigrants from a given
source region across CDs to allocate the new waves of immigrants from
that region.17 For instance, in 1981, 30% of immigrants from Eastern Asia
lived in Toronto. In each of the later census years, the instrument variable
would allocate 30% of Eastern Asian newcomers to Toronto. Formally, the
predicted number of new immigrants and recent immigrants in CD i and

17 The choice of the year 1981 is due to the constraint in data availability. Although
historical censuses are currently available, the earliest year that provides comparable CD
deÞnition is 1981.
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year t are expressed as

!Imm
N
i,t =

!

g

Imm i, 1981,g"
i Imm i, 1981,g

Imm N
t,g =

!

g

$i, 1981,gImm N
t,g

!Imm
R
i,t =

!

g

Imm i, 1981,g"
i Imm i, 1981,g

Imm R
t,g =

!

g

$i, 1981,gImm R
t,g

where Imm i, 1981,g is the number of all the immigrants from source regiong
in the year 1981 and CDi . Imm N

t,g and Imm R
t,g are the national numbers

of new and recent immigrants from source regiong in year t respectively.

$i, 1981,g =
Imm i, 1981,g"
i Imm i, 1981,g

refers to CD iÕs share of immigrants from source regiong in 1981. The IV
speciÞcation is

#
Crime it

P opit
= ! 0 + ! 1#

!Imm
N
it

Popit
+ ! 2#

!Imm
R
it

Popit
+ ! 3#

Imm E
it

Popit

+ ! 4# X it + " t + #it (2.3)

Note that I only discuss the endogeneity and the IV construction for the
shares ofImm N and Imm R. This is because the location choices of new
immigrants and recent immigrants are more likely to be inßuenced by the
historical settlement pattern than that of established immigrants. Although
the instrument variable constructed in the same way for established
immigrants does not violate the exclusion restriction,18 the Þrst stage is weak
and could make the estimation inconsistent. In the following text, all the
estimations assume that the location choice of established immigrants is the
same as the location choice of the natives and includes established-immigrant
share as a control variable inX . Nevertheless, this chapter reports the

results of the robustness check that includes!Imm
E

as an instrument variable
for Imm E .

By construction, the variation of the IV comes from two directions:
across CDs and over time. The variation across CDs comes from the
immigrant distribution in 1981. I use eighteen source regions as shown in
Table 2.3. The majority of immigrants go to the three largest metropolitan
areas: Toronto, Montr«eal and Vancouver. Not surprisingly, Toronto hosted

18 See section2.4.4 for a discussion on the validity of the IV.
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the largest share of immigrants from fourteen out of eighteen source regions
in 1981. Among them are all the Asian and European regions, and most of
the American and African regions. Central American and Northern African
immigrants were mostly attracted to Montr«eal while most immigrants from
Australia, New Zealand and Oceania chose to live in the Greater Vancouver
area.

Table 2.3: Census DivisionsÕ 1981 Shares of National Total Immigrants
from Various Regions

Standard National % Change
Source Regions Mean Deviation Maximum CD of Maximum 1981 to 2006

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

South America 0.056 0.123 0.436 Toronto 194%
Central America 0.030 0.047 0.132 Montr«eal 781%
Eastern Africa 0.047 0.083 0.277 Toronto 269%
Northern Africa 0.055 0.135 0.516 Montr«eal 263%
Western and Middle Africa 0.049 0.092 0.320 Toronto 1158%
Southern Africa 0.044 0.086 0.295 Toronto 116%
Northern America 0.023 0.029 0.092 Toronto -3%
Caribbean 0.060 0.127 0.430 Toronto 91%
Eastern Asia 0.051 0.101 0.298 Toronto 381%
Southern Asia 0.044 0.078 0.261 Toronto 547%
South-Eastern Asia 0.042 0.068 0.224 Toronto 287 %
Southern Europe 0.051 0.102 0.348 Toronto -3%
Australia and New Zealand 0.033 0.059 0.238 Vancouver 50%
Oceania 0.044 0.143 0.659 Vancouver 144%
Central and Western Asia 0.051 0.092 0.263 Toronto 346%
Eastern Europe 0.039 0.067 0.231 Toronto 23%
Northern Europe 0.031 0.049 0.166 Toronto -29%
Western Europe 0.026 0.033 0.098 Toronto -1%

Source: Census of Canada, 1981, Master File
Note: The statistics are for variables ! i, 1981 ,g , the share of national total immigrants from source region
g among all immigrants that come from the same source region g in 1981. They are CD level variables.
Means are weighted by CD population. There are 281 observations for each source region. Column (5) is
calculated by (Population 2006 ! Population 1981 ) / Population 1981 .

On the time dimension, if the growth of each immigrant group remains
the same in the following years, the predicted number of new- and
recent-immigrant share would yield no variation. This is not the case in
Canada. Figure 2.4 shows the trends in population growth of selected
immigrant groups. During the period from 1981 to 2006, there has been a
large decline of Northern European immigrant population and a substantial
rise in the Asian immigrant population.
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2.4. Empirical Methodology

Figure 2.4: National Total Immigrants Trend by Selected Regions
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Note: This graph does not show the smaller groups of the eighteen source regions.

2.4.4 Validity of Instrumental Variable

For the instrumental variables to be valid, the exclusion restriction requires19

!Imm
N
i,t %%#it | P opi,t , X i,t i.e.,

!

g

$i, 1981,gImm N
t,g %%#it | Popi,t , X i,t

!Imm
R
i,t %%#it | P opi,t , X i,t i.e.,

!

g

$i, 1981,gImm R
t,g %%#it | Popi,t , X i,t

19 A "" B | C means variableA and B are independent conditional on C. The su# ciency
of these two conditions for the exclusion restriction is discussed in Appendix A.2.
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2.4. Empirical Methodology

These conditions must be satisÞed in the following two dimensions. First,
the ethnic distribution in 1981, $i, 1981,g, can a! ect crime rates only if it
attracts more immigrants from the same ethnic group. To elaborate this
point, consider a hypothetical example regarding immigrants from country
Alpha and country Beta. CDs with a large Alphanese community in 1981
tend to attract more Alphaneseimmigrants in the later years. If Alphanese
were less likely to commit crimes than immigrants from other countries, then
these increasinglyAlphaneseCDs would see a drop in the crime rate. On the
contrary, if the existing Alphanesecriminal gangs attracted more members,
then there would be a bigger increase in crime rates in these CDs. However,
if the past settlement distribution induces crime due to ethnic conßict, such
as by retaliation from the Betanese criminal gang, then $i, 1981,g would be
correlated with crime rates through a path other than by attracting new
immigrants. This makes the IV strategy potentially invalid in the sense that
it does not provide the causal interpretation of the Òmore immigrants - more
(less) criminals - higher (lower) crime rateÓ channel. Fortunately, because
$i, 1981,g is CD speciÞc, the Þrst di! erence model can deal with this concern.
Moreover, since hate crimes that result from ethnic conßicts account for only
a small share of total crime incidents20 and tend to have a violent nature
[Silver et al. , 2002], this study minimizes this concern by focusing on crimes
against property.

Second, the national number of new and recent immigrants from region
g in year t, Imm N

t,g and Imm R
t,g , cannot be correlated with the current

year crime rates of an individual CD. This condition is satisÞed because the
total inßow of immigrants is a! ected mostly by factors that are not at the
local level. For instance, national policy changes can shift the composition
of the immigrant inßow. Examples are the 1976 Immigration Act and
the 2002 Immigration and Refugee Protection Act, both of which shifted
the composition of immigrant inßows away from the traditional European
countries, and the expansion of the Live-in-Caregiver program, which has
led to a large inßux in Filipino immigrants. Political and economic factors
in the source country also play a great role in the immigration composition
change. Most noticeably, the transfer of sovereignty over Hong Kong and
the opening up of mainland China resulted in a large inßow of immigrants.
These factors a! ect the total number of immigrants at the national level
and are independent from the CD level crime statistics.

20 See Appendix Table A.2 and Dowden and Brennan [2012] for hate crime statistics.
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2.4. Empirical Methodology

Figure 2.5: Changes in Predicted versus Actual Immigrant Share
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Source: Uniform Crime Reporting Survey and Census of Canada (1986, 1986, 1991,
1996, 2001, 2006)

Note: Fitted line does not include control variables. It shows the ÒrawÓ correlation

between the change of actual and predicted immigrant share.

The validity of IV also requires

Cov(#
!Imm

N
i,t

P opit
, #

Imm N
i,t

P opit
) $= 0 and Cov(#

!Imm
R
i,t

Popit
, #

Imm R
i,t

Popit
) $= 0

Figure 2.5 plots the correlation between the actual variables (the change of
new-immigrant share) and the instrumental variables (the predicted change
of new-immigrant share) together with a weighted regression line. The
correlation between the actual variable and the instrumental variable is
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2.5. Results

strongly positive and signiÞcant. Formal Þrst-stage tests are reported in
the next section.

2.5 Results

2.5.1 First Di ! erence Model and FalsiÞcation Test

Table 2.4 reports the results from OLS estimation of Equation (2.1).
Estimations are weighted by population, and standard errors are clustered
on the CD level. All the speciÞcations include Òlog population densityÓ
to control for urban size. OLS estimation shows that CDs with higher
population density tend to have a lower property crime rate. The baseline
speciÞcation also controls for the share of twelve age groups, gender
composition, the share of the married population, and the share of the rural
population.

Table 2.4: E! ect of Immigrant Share on Property Crime Rates, OLS

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

! New immigrant 0.253 0.206 0.164 0.144 0.194 0.175
(0-5 years) (0.056)*** (0.065)*** (0.066)** (0.075)* (0.068)*** (0.076)**
! Recent immigrant -0.218 -0.199 -0.200 -0.197 -0.179 -0.173
(5-10 years) (0.070)*** (0.063)*** (0.060)*** (0.063)*** (0.061)*** (0.063)***
! Established immigrant -0.183 -0.164 -0.156 -0.156 -0.110 -0.104
(10 years above) (0.051)*** (0.046)*** (0.049)*** (0.051)*** (0.054)** (0.055)*

! Log population -0.013 -0.014 -0.013 -0.013 -0.013 -0.013
density (0.009) (0.008)* (0.007)* (0.007)* (0.007)* (0.007)*
! Female 0.173 0.120 0.109 0.187 0.185

(0.193) (0.192) (0.192) (0.187) (0.183)
! Married -0.275 -0.265 -0.284 -0.301 -0.328

(0.087)*** (0.087)*** (0.090)*** (0.098)*** (0.101)***
! Rural 0.011 0.004 0.006 0.007 0.009

(0.020) (0.019) (0.019) (0.018) (0.018)
! Less than high school 0.200 0.205 0.213 0.220

(0.047)*** (0.047)*** (0.048)*** (0.049)***
! High school 0.111 0.112 0.117 0.118

(0.030)*** (0.030)*** (0.033)*** (0.032)***
! Unemployment rate -0.031 -0.034
for less educated (0.029) (0.030)
! Hourly wage 0.008 0.011
for less educated (0.016) (0.016)
! Gini coe " cient -0.048 -0.055

(0.024)** (0.024)**
! Clearance rate -0.011 -0.013
for violent crime (0.007)* (0.007)*
Age groups share

" " " " " "

Year dummies
" " " " " "

Observations 1048 1048 1048 1048 1048 1048
R-squared 0.37 0.38 0.41 0.41 0.41 0.42

Dependent variable: property crime rates ! Crime it /P op it
Standard errors are in parentheses and are clustered on the CD level.
Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1

An important control variable is the population share with low education
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2.5. Results

levels. As Lochner [2004, 2011] points out, education can signiÞcantly
reduce the likelihood that an individual will commit a crime by increasing
the legitimate labour market return. The OLS estimates agree with this
prediction. A 10% increase in the population share with less than a high
school education is correlated with around a 2% increase in the property
crime rate.

The opportunity cost of crime, or the legitimate labour market
opportunities, is controlled using the unemployment rate and the average
hourly wage [Gould et al. , 2002]. Gini coe" cients are included in the
estimation to control for income inequality [Chiu and Madden, 1998; Kelly ,
2000]. Without adding the labour market variables (column [3] and
column [4]), the OLS estimations show that the new-immigrant share is
correlated with an increase in the property crime rate while the recent- and
established-immigrant share are correlated with a decrease in the property
crime rate. After controlling for the labour market variables (column [5]
and column [6]), the coe" cients for all three immigrant groups become more
positive. This suggests that there exists a negative correlation between the
immigrant share and labour market outcomes.21

The likelihood of getting caught a! ects an individualÕs criminal activity.
To control for this factor, the clearance rate is used to approximate
the e! ectiveness of police crime resolution, with clearance rate deÞned
as (number of solved crime)/ (number of total crime) and the dependent
variable is (number of total crime/ population). Directly controlling for
clearance rate of the same crime category would introduce endogenous
variation, and the coe" cient of clearance rate is negative by construction.
To minimize the endogeneity concern, the clearance rate of violent crime is
used in the property crime regressions. Table2.4 reports results with and
without clearance rate control. The estimates are robust to the inclusion of
the clearance rate.

Section 2.4 discusses how the OLS estimates are likely to be biased due
to the endogenous location choice of immigrants. The direction of the
bias is not clear. Immigrants might prefer to choose CDs with lower or
decreasing crime rates. Or the opposite: Þnancially constrained immigrants
might reside in CDs with higher or increasing crime rates. IV estimation

21 There is very limited evidence on the labour market impact of immigrants in Canada
[Aydemir and Borjas , 2007, 2011]. Further investigation of such impact is needed, but is
beyond the scope of this chapter. Chapter 3 and chapter 4 present such evidence. Although
OLS results suggest the existence of a negative correlation, especially with less-educated
immigrants, the productivity value brought in by immigrants and the complementarity
between immigrants and natives mitigates such negative impact.
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2.5. Results

Table 2.5: E! ect of Immigrant Share on Property Crime Rates, IV

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

! New immigrant 0.159 0.075 0.052 0.025 0.096 0.077
(0-5 years) (0.053)*** (0.069) (0.068) (0.078) (0.083) (0.089)
! Recent immigrant -0.338 -0.310 -0.287 -0.281 -0.267 -0.256
(5-10 years) (0.106)*** (0.097)*** (0.086)*** (0.092)*** (0.086)*** (0.089) ***
! Established immigrant -0.225 -0.212 -0.195 -0.196 -0.157 -0.149
(10 years above) (0.059)*** (0.051)*** (0.053)*** (0.054)*** (0.062)** (0.062) **

! Log population density -0.009 -0.009 -0.009 -0.008 -0.010 -0.009
(0.010) (0.009) (0.008) (0.008) (0.008) (0.008)

! Female 0.079 0.038 0.021 0.101 0.100
(0.207) (0.206) (0.205) (0.200) (0.193)

! Married -0.325 -0.306 -0.331 -0.322 -0.351
(0.094)*** (0.093)*** (0.095)*** (0.105)*** (0.109) ***

! Rural 0.012 0.004 0.006 0.006 0.008
(0.020) (0.019) (0.019) (0.018) (0.018)

! Less than high school 0.216 0.223 0.221 0.229
(0.047)*** (0.047)*** (0.048)*** (0.048) ***

! High school 0.119 0.120 0.122 0.122
(0.031)*** (0.030)*** (0.032)*** (0.032) ***

! Unemployment rate -0.022 -0.026
for less educated (0.030) 0.031
! Hourly wage 0.005 (0.009)
for less educated (0.017) 0.017
! Gini coe " cient -0.032 -(0.039)

(0.030) 0.031
! Clearance rate -0.013 -0.014
for violent crime (0.007)* (0.007) **
Age groups share

" " " " " "

Year dummies
" " " " " "

First Stage
New immigrant 0.987 0.947 0.934 0.921 0.926 0.917

(0.081)*** (0.078)*** (0.076)*** (0.083)*** (0.091)*** (0.096) ***
t-value 12.18 12.13 12.24 11.07 10.2 9.53
SheaÕs partial R 2 0.47 0.44 0.44 0.43 0.38 0.37

Recent immigrant 0.902 0.908 0.913 0.915 0.905 0.906
(0.111)*** (0.112)*** (0.110)*** (0.111)*** (0.120)*** (0.121) ***

t-value 8.12 8.11 8.27 8.22 7.54 7.48
SheaÕs partial R 2 0.42 0.43 0.44 0.44 0.41 0.41

Observations 1048 1048 1048 1048 1048 1048

Dependent variable: property crime rates ! Crime it /P op it
Standard errors are in parentheses and are clustered on the CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1

Notes: This speciÞcation has two instrumental variables:
!Imm N

i,t
P op it

and
!Imm R

i,t
P op it

.
Imm O

i,t
P op it

is included as a control.

can account for the endogeneity problem and correctly estimate the causal
relationship.

Table 2.5presents the IV estimation results of Equation (2.3). Compared
to OLS, the coe" cients of the control variables retain the same signs
and magnitudes, while the coe" cients of interest decline for all three
immigrant groups regardless of the inclusion of control variables. From
column (2) to column (6), the signiÞcant positive relationship between the
property crime rate and the new-immigrant share disappears. The loss of
signiÞcance is not due to larger standard errors, but rather is due to the
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2.5. Results

decreased point estimates. The coe" cients for recent-immigrant share and
established-immigrant share become more negative in all cases.

There are several possible explanations for the decline in these
coe" cients. The Þrst possibility is attenuation bias due to measurement
error. However, an attenuation bias that makes OLS estimates close to
zero can not explain the drop of the coe" cient for new-immigrant share. A
more likely explanation is the existence of an endogenous location choice of
immigrants, such that new immigrants choose to reside in CDs with higher
property crime rates. Another explanation comes from the construction
of the instrumental variable. In their study of the impact of high-skilled
immigrants on innovation, Hunt and Gauthier-Loiselle [2010] argue that
this kind of IV coe" cient reßects the e! ect of immigrants whose location
choice is a! ected by the settlement pattern. Applied to this chapter, the
Òlocal average treatment e! ect (LATE)Ó argument suggests that immigrants
whose location choice is inßuenced by the settlement patterns of the previous
immigrants are less likely to be involved in criminal activities. Although
there is no direct empirical evidence to support this argument, social control
and social disorganization theory in sociology and criminology literature
speaks to this point [Simcha-Fagan and Schwartz, 1986; Sampson and
Groves, 1989]. These studies Þnd that communities in which residents
tend to have local friends and family have reduced neighbourhood crime
rates. Moreover, Dinovitzer et al. [2009] study the criminal activities of
immigrant adolescents in Toronto. They argue that strong bonds to their
families, a commitment to the values of education, and engagement in the
community and public institutions all contribute to a lower involvement in
such activities.

IV results reveal a crime reduction pattern along the years-since-arrival
dimension. Although a higher new-immigrant share does not have an impact
on the property crime rate, as immigrants stay longer in Canada, a higher
share of recent and established immigrants reduces the property crime rate.
Estimation using Equation (2.2) further validates this pattern.

Table 2.6presents the estimation results when later-year UCR is matched
with current-year census, i.e., 0< x # 4. Note that the deÞnitions of new-,
recent- and established-immigrant share are the same as those in the baseline
speciÞcation. Thus, their years-since-arrival is relative to the census yeart,
not to the UCR year t + x.

Within each column, the smaller IV coe" cients compared to OLS
coe" cients and the crime reduction pattern across new-, recent- and
established-immigrant share remains robust. Across columns, afterx years,
each group of immigrants deÞned in the baseline model would be in Canada
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Table 2.6: E! ect of Immigrant Share on t + x Property Crime Rates

t+1 t+2 t+3 t+4
(1) (2) (3) (4) (5) (6) (7) (8)

OLS
! New immigrant share 0.098 0.078 -0.074 -0.076 -0.178 -0.176 -0.214 -0.221

(0.053)* (0.060) (0.074) (0.076) (0.080)** (0.080)** (0.080)*** (0.080)***
! Recent immigrant share -0.098 -0.092 -0.134 -0.133 -0.134 -0.134 -0.244 -0.242

(0.051)* (0.049)* (0.052)** (0.053)** (0.055)** (0.055)** (0.088)*** (0.087)***
! Established immigrant share -0.133 -0.127 -0.159 -0.158 -0.201 -0.201 -0.196 -0.194

(0.063)** (0.065)* (0.105) (0.106) (0.120)* (0.120)* (0.136) (0.137)
R-squared 0.43 0.44 0.30 0.30 0.26 0.26 0.24 0.24

IV
! New immigrant share -0.031 -0.051 -0.298 -0.304 -0.336 -0.337 -0.443 -0.452

(0.086) (0.089) (0.097)*** (0.103)*** (0.095)*** (0.096)*** (0.095)*** (0.095)***
! Recent immigrant share -0.163 -0.152 -0.312 -0.309 -0.284 -0.283 -0.480 -0.475

(0.078)** (0.066)** (0.084)*** (0.082)*** (0.068)*** (0.069)*** (0.116)*** (0.113)***
! Established immigrant share -0.188 -0.180 -0.264 -0.262 -0.279 -0.279 -0.313 -0.309

(0.072)*** (0.073)** (0.104)*** (0.105)** (0.119)** (0.121)** (0.134)** (0.135)**

First Stage
! New immigrant share 0.925 0.915 0.925 0.916 0.925 0.916 0.925 0.916

(0.091)*** (0.096)*** (0.091)*** (0.096)*** (0.091)*** (0.097)*** (0.091)*** (0.096)***
T-value 10.2 9.5 10.2 9.5 10.2 9.5 10.2 9.5
SheaÕs partial R 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39
! Recent immigrant share 0.904 0.905 0.904 0.905 0.904 0.905 0.904 0.905

(0.120)*** (0.122)*** (0.120)*** (0.122)*** (0.121)*** (0.122)*** (0.120)*** (0.122)***
T-value 7.5 7.5 7.5 7.4 7.5 7.4 7.5 7.5
SheaÕs partial R 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42

Log population density
" " " " " " " "

Age groups
" " " " " " " "

Female, married, rural
" " " " " " " "

Less educated
" " " " " " " "

Economic variables
" " " " " " " "

Clearance rate
" " " " " " " "

Year dummies
" " " " " " " "

CD dummies
" " " " " " " "

Number of observations 1042 1039 1044 1041 1041 1038 1041 1038

Dependent variable: property crime rates ! Crime it /P op it , year t + x UCR matched with year t census, where x takes value 1 to 4.
Standard errors are in parentheses and are clustered on the CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.128
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Table 2.7: E! ect of Immigrant Share on t " x Property Crime Rates

t-1 t-2 t-3 t-4
(1) (2) (3) (4) (5) (6) (7) (8)

OLS
! New immigrant share 0.162 0.143 0.086 0.061 0.063 0.047 0.057 0.055

(0.065)** (0.070)** (0.050)* (0.049) (0.057) (0.056) (0.055) (0.056)
! Recent immigrant share -0.115 -0.109 -0.060 -0.052 0.037 0.042 0.219 0.220

(0.045)** (0.046)** (0.048) (0.053) (0.061) (0.067) (0.046)*** (0.046)***
! Established immigrant share -0.060 -0.053 -0.020 -0.012 0.008 0.013 0.001 0.002

(0.047) (0.045) (0.056) (0.051) (0.057) (0.055) (0.049) (0.049)
R-squared 0.23 0.24 0.20 0.22 0.24 0.25 0.40 0.40

IV
! New immigrant share 0.133 0.115 0.041 0.017 0.037 0.021 0.011 0.009

(0.071)* (0.076) (0.067) (0.072) (0.065) (0.070) (0.078) (0.081)
! Recent immigrant share -0.127 -0.116 -0.103 -0.089 -0.060 -0.051 0.067 0.069

(0.089) (0.090) (0.099) (0.107) (0.116) (0.122) (0.085) (0.085)
! Established immigrant share -0.071 -0.064 -0.042 -0.033 -0.017 -0.011 -0.039 -0.038

(0.052) (0.050) (0.064) (0.061) (0.064) (0.063) (0.052) (0.053)

First Stage
! New immigrant share 0.926 0.917 0.926 0.917 0.926 0.917 0.926 0.917

(0.091)*** (0.096)*** (0.091)*** (0.096)*** (0.091)*** (0.096)*** (0.091)*** (0.096)***
T-value 10.2 9.5 10.2 9.5 10.2 9.5 10.2 9.5
SheaÕs partial R 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.39
! Recent immigrant share 0.905 0.906 0.905 0.906 0.905 0.906 0.905 0.906

(0.120)*** (0.121)*** (0.120)*** (0.121)*** (0.120)*** (0.121)*** (0.120)*** (0.121)***
T-value 7.5 7.5 7.5 7.5 7.5 7.5 7.5 7.5
SheaÕs partial R 0.42 0.42 0.42 0.42 0.42 0.42 0.42 0.42

Log population density
" " " " " " " "

Age groups
" " " " " " " "

Female, married, rural
" " " " " " " "

Less educated
" " " " " " " "

Economic variables
" " " " " " " "

Clearance rate
" " " " " " " "

Year dummies
" " " " " " " "

CD dummies
" " " " " " " "

Number of observations 1044 1048 1046 1043 1046 1043 1044 1041

Dependent variable: property crime rates ! Crime it /P op it , year t + x UCR matched with year t census, where x takes value -1 to -4.
Standard errors are in parentheses and are clustered on the CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.129
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for x years longer. Asx gets bigger, the coe" cients for the three immigrant
shares become more negative. This pattern supports the conclusion drawn
from the baseline model: as immigrants stay in Canada longer, their crime
reduction e! ect gets larger. The coe" cients of new immigrants change from
insigniÞcant to -0.3 starting at x = 2. This suggests that new immigrants are
most likely to experience hardship in the Þrst couple of years after arrival.

When the current year census is matched with the previous year UCR,
i.e., " 4 # x < 0, Equation (2.2) can be used as a falsiÞcation test. The
coe" cient ! 1 should be 0, or less positive, because it estimates the causal
relationship of new immigrants on property crimes that happenedx years
before they came to Canada. Estimates in Table2.7 conÞrm this prediction.
Note that the positive e! ect in column (1) and column (2) (where x = " 1)
does not contradict the prediction. Because census is collected in the middle
of year t, the new-immigrant group includes some immigrants that arrived
in the later half of year t " 1.

In Table 2.7, coe" cients for recent immigrants estimate the causal
relationship of their share on the property crime rate when they werex years
ÒnewerÓ in Canada. Although none of the estimates is signiÞcantly di! erent
from 0, the value of the estimates gets larger asx gets more negative, which
is also consistent with the baseline results. Whenx = 4, recent immigrants
are four years ÒnewerÓ (they would have been in Canada for 1 to 6 years)
and ! 2 is positive in column (7) and column (8).

2.5.2 Robustness Check

As immigrants stay in Canada longer, concerns about job opportunities,
income, and other aspects play larger roles in their location choice than the
size of the ethnic community. Therefore, the instrumental variable strategy
would yield a weaker Þrst stage forImm E . For this reason, the baseline
model uses only instrumental variables forImm N and Imm R and includes
Imm E as an additional control variable. The assumption is that the location
choice of established immigrants is the same as the location choice of natives.
As a robustness check, the instrumental variables for all three immigrant
groups Imm N , Imm R, and Imm E are used, estimating the following model

#
Crime it

P opit
= ! 0 + ! 1#

!Imm
N
it

Popit
+ ! 2#

!Imm
R
it

Popit
+ ! 3#

!Imm
E
it

Popit

+ ! 4# X it + " t + #it (2.4)

Table 2.8 reports the results.
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Table 2.8: E! ect of Immigrant Share on Property Crime Rates, IV Robustness Check I

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

! New immigrant share 0.059 -0.017 -0.035 -0.065 -0.079 -0.098
(0.103) (0.106) (0.105) (0.114) (0.221) (0.226)

! Recent immigrant share -0.352 -0.327 -0.305 -0.299 -0.325 -0.316
(0.121)*** (0.113)*** (0.099)*** (0.106)*** (0.141)** (0.144)**

! Established immigrant share -0.417 -0.411 -0.395 -0.402 -0.449 -0.445
(0.133)*** (0.121)*** (0.136)*** (0.137)*** (0.271)* (0.272)

First Stage
! New immigrant share 1.095 1.044 1.029 1.016 1.028 1.016

(0.075)*** (0.082)*** (0.084)*** (0.088)*** (0.091)*** (0.095)***
t-value 14.5 12.7 12.3 11.6 11.3 10.7
SheaÕs partial R 2 0.26 0.28 0.27 0.27 0.11 0.11

! Recent immigrant share 0.941 0.945 0.948 0.950 0.945 0.946
(0.122)*** (0.122)*** (0.121)*** (0.122)*** (0.130)*** (0.131)***

t-value 7.7 7.8 7.9 7.8 7.3 7.2
SheaÕs partial R 2 0.41 0.42 0.41 0.42 0.28 0.28

! Established immigrant share 0.446 0.445 0.404 0.404 0.336 0.335
(0.082)*** (0.077)*** (0.083)*** (0.084)*** (0.082)*** (0.083)***

t-value 5.4 5.8 4.9 4.8 4.1 4.1
SheaÕs partial R 2 0.15 0.16 0.14 0.14 0.06 0.06

Log population density
" " " " " "

Age groups
" " " " " "

Female, married, rural
" " " " "

Less educated
" " " "

Economic variables
" "

Clearance rate
" "

Year dummies
" " " " " "

Number of observations 1048 1048 1048 1048 1048 1048

Dependent variable: property crime rates ! Crime it /P op it
Standard errors are in parentheses and are clustered on the CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1
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All the estimates are more negative than those in Table2.5. The
coe" cient for established-immigrant share,! 3, is no longer signiÞcant with
the full set of control variables in column (6). This is likely due to the
weaker Þrst stage of established-immigrant share, leading to inconsistent
estimates and wrong inferences. Nevertheless, the crime reduction pattern
of the coe" cients is robust.

Table 2.8 shows that the Þrst stage estimates get weaker as immigrants
stay longer in Canada. To increase the strength of the Þrst stage, the
instrumental variable for the recent-immigrant share can be redeÞned and
a robustness check performed, since those immigrants who have been in
Canada for 5 to 10 years would have been in Canada for 0 to 5 years in the
previous census (thus, they would have been ÒnewÓ immigrants back then).
The predicted share of recent immigrants can be replaced by the 5-year lag
of predicted share of new immigrants as the instrument for recent-immigrant
share. Formally, I estimate the following model

#
Crime it

P opit
= ! 0 + ! 1#

!Imm
N
it

Popit
+ ! 2#

!Imm
N
i,t ! 5

Popi,t ! 5
+ ! 3#

Imm E
it

Popit

+ ! 4# X it + " t + #it (2.5)

To get the correct count of the lagged new-immigrant population in a CD,
the census question Òwhere did you live 5 years agoÓ is used instead of
Òwhere do you live now.Ó Table2.9 shows that this speciÞcation does not
a! ect the estimation results.

Taking the Þrst di! erence, the baseline speciÞcation in Equation (2.1)
removes CD level unobservables that are time invariant. However, there
might still exist time-varying unobservables. For instance, the strength of
informal social crime control might increase or decrease over time and be
unobservable to researchers. To deal with this concern, as an additional
robustness check, CD dummies are included in both the baseline model and
the falsiÞcation test. The speciÞcations become
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+ ! 4" X it + " t + ! i + #it

(2.6)

where " i indicates the dummy variables for CDs.
Table 2.10reports the OLS and IV results of Equations (2.6). Compared

to the coe" cients in column (6) of the OLS results in Table 2.4 and those
in Table 2.6, the most obvious change in column (1) and column (2) is the
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Table 2.9: E! ect of Immigrant Share on Property Crime Rates, IV Robustness Check II

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

! New immigrant share 0.158 0.074 0.051 0.025 0.092 0.074
(0.053)*** (0.069) (0.068) (0.079) (0.083) (0.089)

! Recent immigrant share -0.342 -0.315 -0.292 -0.283 -0.277 -0.265
(0.108)*** (0.099)*** (0.089)*** (0.094)*** (0.088)*** (0.091)***

! Established immigrant share -0.226 -0.213 -0.196 -0.196 -0.159 -0.152
(0.059)*** (0.051)*** (0.053)*** (0.054)*** (0.061)*** (0.062)**

First Stage
! New immigrant share 0.986 0.945 0.933 0.921 0.929 0.920

(0.084)*** (0.083)*** (0.081)*** (0.087)*** (0.095)*** (0.100)***
t-value 11.8 11.4 11.6 10.6 9.7 9.2
SheaÕs partial R 0.49 0.46 0.46 0.45 0.41 0.40

! Recent immigrant share 0.858 0.860 0.864 0.866 0.859 0.860
(0.103)*** (0.104)*** (0.102)*** (0.103)*** (0.111)*** (0.112)***

t-value 8.3 8.3 8.4 8.4 7.7 7.7
SheaÕs partial R 0.47 0.48 0.48 0.48 0.46 0.47

Log population density
" " " " " "

Age groups
" " " " " "

Female, married, rural
" " " " "

Less educated
" " " "

Economic variables
" "

Clearance rate
" "

Year dummies
" " " " " "

Number of observations 1048 1048 1048 1048 1048 1048

Dependent variable: property crime rates ! Crime it /P op it
Standard errors are in parentheses and are clustered on the CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1
Notes: Recent immigrant share is instrumented using lagged new immigrant share. Established immigrant share is
included as a control variable.
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Table 2.10: E! ect of Immigrant Share on Property Crime Rates, First Di! erence with CD Dummies

t t+1 t+2 t+3 t+4 t-1 t-2 t-3 t-4

(1) (2) (3) (4) (5) (6) (7) (8) (9)

OLS
! New immigrant share 0.125 0.061 -0.071 -0.228 -0.279 0.159 0.102 0.107 0.104

(0.130) (0.097) (0.137) (0.160) (0.153)* (0.141) (0.102) (0.103) (0.098)
! Recent immigrant share -0.242 -0.147 -0.189 -0.222 -0.360 -0.114 -0.032 0.059 0.211

(0.087)*** (0.062)** (0.088)** (0.091)** (0.115)*** (0.075) (0.079) (0.084) (0.058)***
! Established immigrant share -0.263 -0.225 -0.225 -0.352 -0.373 -0.105 -0.021 -0.005 -0.035

(0.097)*** (0.099)** (0.172) (0.203)* (0.215)* (0.133) (0.113) (0.096) (0.097)

IV
! New immigrant share 0.131 0.001 -0.267 -0.264 -0.440 0.234 0.062 0.115 -0.018

(0.201) (0.171) (0.196) (0.202) (0.155)*** (0.177) (0.131) (0.131) (0.168)
! Recent immigrant share -0.184 -0.121 -0.266 -0.229 -0.449 -0.040 -0.034 0.030 0.096

(0.132) (0.068)* (0.097)*** (0.095)** (0.124)*** (0.130) (0.117) (0.112) (0.097)
! Established immigrant share -0.232 -0.253 -0.390 -0.380 -0.522 -0.021 -0.048 -0.013 -0.169

(0.170) (0.145)* (0.192)** (0.208)* (0.199)*** (0.180) (0.152) (0.144) (0.162)

First stage
! New immigrant share 0.774 0.772 0.772 0.772 0.773 0.774 0.774 0.774 0.774

(0.175)*** (0.175)*** (0.175)*** (0.176)*** (0.175)*** (0.175)*** (0.175)*** (0.175)*** (0.175)***
t-value 4.42 4.41 4.41 4.39 4.41 4.42 4.41 4.41 4.41
! Recent immigrant share 0.841 0.840 0.840 0.839 0.839 0.841 0.841 0.841 0.841

(0.115)*** (0.115)*** (0.115)*** (0.115)*** (0.115)*** (0.115)*** (0.115)*** (0.115)*** (0.115)***
t-value 7.33 7.31 7.32 7.28 7.29 7.33 7.32 7.32 7.31

Log population density
" " " " " " " " "

Age groups
" " " " " " " " "

Female, married, rural
" " " " " " " " "

Less educated
" " " " " " " " "

Economic variables
" " " " " " " " "

Clearance rate
" " " " " " " " "

Year dummies
" " " " " " " " "

CD dummies
" " " " " " " " "

Number of observations 1045 1039 1041 1038 1038 1045 1043 1043 1041

Dependent variable: property crime rates ! Crime it /P op it , year t + x UCR matched with year t census, where ! 4 # x # x .
Standard errors are in parentheses and are clustered on the CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1
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decline of coe" cients for all three immigrant groups, indicating the existence
of time-varying CD-speciÞc unobservables that bias the OLS estimates. The
magnitudes of the IV estimates are similar to those of the OLS coe" cients
but are less signiÞcant due to the increased standard errors. Nevertheless,
the estimates with CD dummies are comparable to the IV estimates with the
baseline speciÞcation. This robustness check suggests that the instrumental
variable strategy can deal with the time-varying unobservables.

The next robustness check regards the population size. Since the
majority of immigrants lives in census metropolitan areas (CMAs),22 the
analysis can be restricted to these areas. As a CMA by deÞnition has
a population of at least 100,000 people, only CDÕs of at least this size
are included. This yields 65 CDs for the sample. Table2.11 reports
the IV estimates using only those CDs. Because sampling errors in CDs
with a smaller population a! ect the precision of the estimates, regressions
are weighted by cell size throughout this chapter. With only large CDs,
this table compares the estimates with and without population weighting.
The point estimates of new and recent immigrants are similar to the
baseline estimates regardless of weighting. Across columns whenx takes
di! erent values, the crime reduction pattern along the years-since-arrival
dimension also remains robust but is less precisely estimated. The
comparison between weighted and unweighted results demonstrates the
importance of using weights to achieve more precise estimates by correcting
for heteroskedasticity.

2.5.3 Demographic Composition

Summary statistics in Table 2.2 show that immigrants are better educated,
older, and more likely to reside in CMAs than natives. To see whether
these di! erences play a role in the immigrant-crime relationship, Table2.12
presents the OLS and IV results with demographic variables (education
rate, female rate, marriage rate, and age group rate) deÞned separately for

22 Statistics Canada deÞnes census metropolitan area as an area consisting of one or
more neighbouring municipalities situated around a core. A census metropolitan area
must have a total population of at least 100,000 of which 50,000 or more live in the core.
Using the General Social Survey, Table 2.2 shows that over 90% of immigrants live in
CMAs. This share is slightly higher than the estimates obtained from the census. In the
census data, about 85% of immigrants reside in CMAs.
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Table 2.11: E! ect of Immigrant Share on Property Crime Rates, Top 65 CDs

t t+1 t+2 t+3 t+4 t-1 t-2 t-3 t-4

(1) (2) (3) (4) (5) (6) (7) (8) (9)

IV, with weight
! New immigrant share 0.056 -0.058 -0.359 -0.394 -0.489 0.170 0.133 0.105 0.110

(0.104) (0.108) (0.122)*** (0.136)*** (0.127)*** (0.088)*** (0.081) (0.079) (0.089)
! Recent immigrant share -0.259 -0.171 -0.267 -0.260 -0.489 -0.108 -0.020 0.029 0.194

(0.111)** (0.074)** (0.118)** (0.094)*** (0.112)*** (0.095) (0.114) (0.140) (0.093)**
! Established immigrant share -0.191 -0.268 -0.377 -0.419 -0.453 -0.023 0.066 0.050 0.011

(0.077)** (0.071)*** (0.094)*** (0.113)*** (0.130)*** (0.076) (0.091) (0.086) (0.074)

IV, without weight
! New immigrant share 0.043 -0.008 -0.312 -0.241 -0.300 0.072 0.069 0.100 0.021

(0.111) (0.118) (0.149)** (0.143)* (0.139)** (0.098) (0.098) (0.121) (0.097)
! Recent immigrant share -0.238 -0.148 -0.299 -0.269 -0.317 -0.089 -0.033 -0.027 0.086

(0.146) (0.118) (0.174)* (0.147)* (0.176)* (0.154) (0.155) (0.183) (0.157)
! Established immigrant share -0.126 -0.165 -0.164 -0.184 -0.204 -0.085 -0.050 -0.044 -0.027

(0.081) (0.075)** (0.095)* (0.094)* (0.096)** (0.086) (0.088) (0.092) (0.075)

Log population density
" " " " " " " " "

Age groups
" " " " " " " " "

Female, married, rural
" " " " " " " " "

Less educated
" " " " " " " " "

Economic variables
" " " " " " " " "

Clearance rate
" " " " " " " " "

Year dummies
" " " " " " " " "

CD dummies
" " " " " " " " "

Number of observations 259 258 258 257 258 259 259 259 259

Dependent variable: property crime rates ! Crime it /P op it , year t + x UCR matched with year t census, where x takes value -4 to 4.
Standard errors are in parentheses and are clustered on the CD level. First stage statistics all pass the weak IV tests, and are not reported here.
Statistics Canada deÞnes Census Metropolitan Area as an area with a total population of at least 100,000. Sixty-Þve CDs in 2006 have a population
over the 100,000 threshold and are included in the analysis for this table.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 2.12: E! ect of Immigrant Share on Property Crime Rates, Interactions in Control Variables

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

OLS
! New immigrant share 0.175 0.193 0.097 0.181 0.168 0.129

(0.076)** (0.079)** (0.074) (0.077)** (0.074)** (0.075)*
! Recent immigrant share -0.173 -0.025 -0.271 -0.152 -0.179 -0.056

(0.063)*** (0.052) (0.071)*** (0.059)** (0.066)*** (0.055)
! Established immigrant share -0.104 -0.114 -0.213 -0.116 -0.107 -0.195

(0.055)* (0.057)** (0.069)*** (0.054)** (0.057)* (0.061)***

IV
! New immigrant share 0.077 0.001 -0.009 0.102 0.071 -0.058

(0.089) (0.097) (0.122) (0.084) (0.085) (0.109)
! Recent immigrant share -0.256 -0.122 -0.378 -0.213 -0.269 -0.132

(0.089)*** (0.152) (0.107)*** (0.081)*** (0.087)*** (0.117)
! Established immigrant share -0.149 -0.235 -0.276 -0.152 -0.150 -0.300

(0.062)** (0.091)** (0.094)*** (0.058)*** (0.062)** (0.089)***

Controls  

Log population density
" " " " " "

Age groups share (separate)
" "

Share of female, married, rural (separate)
" "

Share of less educated (separate)
" "

Economic variables (separate)
" "

Clearance rate
" " " " " "

Year dummies
" " " " " "

Observations 1048 1048 1048 1048 1048 1048

Dependent variable: property crime rates ! Crime it /P op it
Standard errors are in parentheses and are clustered on the CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1
  Each column includes the whole set of controls.ÒYÓ indicates the variables are deÞned for immigrants and natives separately.
For example, Òseparate marriedÓ means the share of married population enters in the regression as two variables: share of
married population among immigrants, and share of married population among natives.
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immigrants and natives. Estimation is based on the following speciÞcation

#
Crime it

P opit
= ! 0 + ! 1#

Imm N
it

Popit
+ ! 2#

Imm R
it

Popit
+ ! 3#

Imm E
it

Popit

+ ! 4! X Native,it + ! 5! X Immig,it + " t + #it (2.7)

In this table, each regression includes a full set of controls as in column
(6) of Table 2.4. The indicator for including the control variable groups
speciÞes whether the variables are deÞned for immigrants and natives
separately. For example, Òmarried (separate)Ó means that the share of
the married population enters in the regression as two variables: the
share among the immigrants, and the share among the natives. Hence,
the speciÞcation in column (2) includes age groups, education groups,
unemployment rate, and wage deÞned for the whole population and female
share, married share, and rural share deÞned for immigrants and natives
separately.23

In most cases, the immigrant-crime relationship established in the
baseline model is robust when control variables are deÞned separately
for immigrants and natives. However, when the age groups are deÞned
separately, the crime-reducing impact of recent-immigrant share is no longer
signiÞcant. The loss of signiÞcance comes from both the smaller (in absolute
value) point estimates and the larger standard error. Although the evidence
is not conclusive due to the increased standard error, it suggests that the
di! erent age composition between immigrants and natives plays a role in
the crime reduction e! ect of recent immigrants.

2.5.4 Detailed Property Crime Categories

Property crime can be broken down into the following Þve subcategories:
breaking and entering, motor vehicle theft, non-motor vehicle theft,
possession of stolen goods, and fraud. Figure2.6 depicts the trend of each
type from 1977 to 2010. Among them, non-motor vehicle theft and breaking
and entering account for the majority of the total property crime rate.

Table 2.13 presents the OLS and IV results for each of the four larger
crime subcategories. A 10% increase of new immigrants decreases the
breaking and entering rate by around 5%, while raising the motor vehicle
theft rate by 6%. As they stay longer, recent immigrants decrease motor
theft rate and have a large crime reduction e! ect on the non-motor vehicle

23 There are six variables for this group of controls, instead of three in the baseline
speciÞcation.
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Table 2.13: Detailed Property Crime Categories

Breaking and Entering Motor Theft Other Theft Fraud
(1) (2) (3) (4) (5) (6) (7) (8)

OLS estimation
! New immigrant share 0.032 0.027 0.043 0.039 0.152 0.141 -0.001 0.000
(0-5 years) (0.021) (0.023) (0.017)** (0.018)** (0.032)*** (0.036)*** (0.006) (0.007)
! Recent immigrant share -0.030 -0.029 -0.021 -0.020 -0.076 -0.074 -0.017 -0.017
(5-10 years) (0.022) (0.021) (0.014) (0.014) (0.033)** (0.034)** (0.014) -0.014
! Established immigrant share 0.010 0.011 -0.045 -0.045 -0.027 -0.024 0.024 0.024
(10 years above) (0.020) (0.020) (0.014)*** (0.014)*** (0.030) (0.031) (0.005)*** -0.005 ***

IV estimation
! New immigrant share -0.045 -0.051 0.067 0.063 0.089 0.077 0.013 0.015
(0-5 years) (0.019)** (0.021) ** (0.019)*** (0.019)*** (0.047)* (0.048) (0.010) -0.01
! Recent immigrant share -0.060 -0.057 -0.016 -0.015 -0.183 -0.177 -0.024 -0.025
(5-10 years) (0.037) (0.035) (0.016) (0.017) (0.064)*** (0.062)*** (0.020) -0.02
! Established immigrant share -0.021 -0.019 -0.036 -0.036 -0.063 -0.061 0.028 0.028
(10 years above) (0.021) (0.021) (0.016)** (0.016)** (0.036)* (0.036)* (0.006)*** -0.006 ***

Controls
! Log Population

" " " " " " " "

! Age Groups
" " " " " " " "

! Female, married, rural
" " " " " " " "

! Less educated
" " " " " " " "

! Economic variables
" " " " " " " "

! Clearance rate, violent
" " " "

Year Dummies
" " " " " " " "

Observations 1098 1098 1098 1098 1098 1098 1098 1098

The major theft (with value above $5,000) is not di # ered from the minor theft (with value below $5,000) because the value cuto # deÞned in the criminal
code is not subject to the adjustment of Consumer Price Index (CPI), which makes the severity comparison unclear.
Dependent variable: crime rates ! Crime it /P op it
Standard errors are in parentheses and are clustered on the CD level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Figure 2.6: Property crime rate per 100,000, Canada, 1977-2010
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Source: Uniform Crime Reporting Survey (1977-2010)

Note: ÒTheftÓ includes both Òmajor theftÓ (value over $5,000) and Òminor theftÓ (value below $5,000).

theft rate. Recent immigrants and established immigrants generally do not
increase any of the subcategory rates, with the exception of the fraud rate.
A 10% increase of established immigrants raises the fraud rate by about 3%.

2.5.5 Immigrants by Country of Birth

Spenkuch [2013] Þnds that immigrants increase property crime rates in
the US if the immigrants are from Mexico. Bell et al. [2013] Þnd that
asylum seekers to the UK slightly increase the property crime rate but
European Union workers have no impact. Both studies emphasize the
importance of studying the immigrant-crime relationship by subgroups of
immigrants. This section categorizes immigrants into four larger groups
by country: African countries, Asian countries, European countries, and
South and Central American countries. Table 2.1 shows the average share
of each group of new and recent immigrants across CDs. On average, Asian
immigrants who arrived between 0 and 10 years ago account for about 2.5%
of the CD population. New and recent European immigrants account for
1.1% of the CD population. The average shares for African immigrants and
South and Central American immigrants are much smaller.

IV results in Table 2.14 show that the crime-increasing e! ect of new
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Table 2.14: Impact of Immigrants by Country of Birth

South and Central
Africa Asia Europe America

(1) (2) (3) (4) (5) (6) (7) (8)

OLS estimation
! New immigrant share 0.645 0.476 0.344 0.322 -0.032 -0.083 0.684 0.536
(0-5 years) (0.443) (0.434) (0.103)*** (0.114)*** (0.178) (0.182) (0.366)* (0.368)
! Recent immigrant share -1.117 -1.052 -0.206 -0.188 -0.318 -0.365 -0.790 -0.818
(5-10 years) (0.423)*** (0.453)** (0.080)** (0.084)** (0.245) (0.249) (0.263)*** (0.275)***
! Established immigrant share -0.013 0.127 -0.073 -0.079 -0.023 -0.013 -0.255 -0.195
(10 years above) (0.392) (0.359) (0.059) (0.062) (0.050) (0.051) (0.138)* (0.123)

IV estimation
! New immigrant share 2.893 2.658 0.328 0.302 -1.250 -1.559 0.902 0.603
(0-5 years) (0.957)*** (0.964)*** (0.091)*** (0.105)*** (0.795) (0.853)* (0.402)** (0.370)
! Recent immigrant share -3.491 -3.130 -0.354 -0.326 -1.236 -1.381 -0.299 -0.458
(5-10 years) (1.061)*** (1.048)*** (0.164)** (0.164)** (0.529)** (0.531)*** (0.783) (0.691)
! Established immigrant share -0.860 -0.689 -0.072 -0.079 -0.092 -0.091 -0.156 -0.124
(10 years above) (0.666) (0.610) (0.059) (0.061) (0.059) (0.068) (0.182) (0.159)

Controls
! Log Population

" " " " " " " "

! Age Groups
" " " " " " " "

! Female, married, rural
" " " " " " " "

! Less educated
" " " " " " " "

! Economic variables
" " " " " " " "

! Clearance rate, violent
" " " "

Year Dummies
" " " " " " " "

Observations 1098 1098 1098 1098 1098 1098 1098 1098

Standard errors are in parentheses and are clustered on the CD level.
*** p < 0.01, ** p < 0.05, * p < 0.1
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2.6. Interpretation of the Crime-Reducing E! ect

immigrants is most apparent for African immigrants, followed by immigrants
from South and Central America, and less so for immigrants from Asian
countries. New immigrants from Europe, on the other hand, do not increase
property crime rates. A higher share of new European immigrants decreases
the property crime rate by a substantial amount.

All four groups of immigrants show a crime-reducing e! ect once they
are more established than recent immigrants. Even though the coe" cients
of recent South and Central American immigrants are not signiÞcant, the
sign and the relative magnitude compared to the coe" cients of new South
and Central American immigrants agree with the general crime reduction
pattern along the years-since-arrival dimension.

Compared to other immigrants, immigrants from Europe do not face
di" culties such as language barriers, transferability of foreign experience,
or employer discrimination [Aydemir and Skuterud, 2005; Ferrer and
Riddell, 2008; Oreopoulos, 2011]. The relative magnitude of the estimates
across country groups is consistent with the interpretation that the
immigrant-crime relationship is a! ected by the available labour market
opportunities.

Note that the further breakdown of immigrants into four large
subcategories reduced the variation of the three key independent variables.
Also, the much larger standard errors of all the estimates reßects the weak
Þrst stage of the IV estimates. Therefore, we need to interpret the estimates
in this section with caution.

2.6 Interpretation of the Crime-Reducing E ! ect

The empirical results obtained from the previous sections show that an
increase in the new-immigrant share does not have statistically signiÞcant
impact on the property crime rate while a higher share of more established
immigrants actually decreases the property crime rate. This section
discusses the possible reasons for the crime reduction e! ect.

To assist with the discussion, consider a simple accounting exercise that
takes into consideration only the composition e! ect. Assume the crime
rate among immigrants is cM and among natives iscN .24 Let M represent

24 For the purpose of Þxing ideas without complicating the notations, the discussion
here assumes that one criminal commits crime against only one victim. Therefore, cM

and cN can be interpreted as either the frequency of being a victim, or the frequency of
a person committing a crime. Without detailed crime statistics on the individual level,
separately modelling these two frequencies would not yield further insights for interpreting
the estimated coe# cients.
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2.6. Interpretation of the Crime-Reducing E! ect

the total number of immigrants, N represent the total number of natives,
and # M represent the change in the number of immigrants. %M and
%N are the possibilities of reporting a crime to police for immigrants and
natives respectively. Then the total number of crimes can be expressed as
McM + NcN and the total number of crimes that are documented in UCR
is McM %M + NcN %N .

If the immigrant share increases by 1 percentage point

M + # M
M + N + # M

"
M

M + N
= 0 .01

then the change of crime rates that would be captured in the UCR is

McM %M + # McM %M + NcN %N

M + N + # M
"

McM %M + NcN %N

M + N
= 0 .01(cM %M " cN %N ) (2.8)

The key variables that will inßuence a change in total crime rate are the
crime rates and the reporting rates among immigrants and natives.25

2.6.1 Underreporting: Cultural Background

Studies have found that cultural background a! ects an individualÕs
preferences, behaviour, and economic outcomes [Antecol, 2000; Guiso et al. ,
2006]. In the context of this chapter, cultural background might play a role
in an individualÕs willingness to contact authorities when a crime occurs.
If immigrants are less likely to contact police, i.e., %M < %N , then such
underreporting behaviour could appear to be a crime-reducing e! ect.

To investigate the magnitude of any underreporting, the 1999 and
2009 Victimization Cycles of the General Social Survey (GSS) were
analyzed. These two cycles (cycle 13 and cycle 23) collect information to
help understand how Canadians perceive crime and the justice system,26

including their willingness to contact police.
Table 2.15 presents the estimation results of the following speciÞcation

Ci = &0 + &1Imm N
i + &2Imm R

i + &3Imm E + ! 5X i + # (2.9)

25 The algebra of Equation ( 2.8) can be found in Appendix A.4.
26 There are three more GSS cycles that collect information on criminal victimization:

cycle 3 (year 1988), cycle 8 (year 1993) and cycle 18 (year 2004). However, due to
conÞdentiality concerns, the public use data of these three cycles do not have detailed
enough identiÞers that allow me to categorize immigrants by their years-since-arrival.
They are therefore left out of the analysis.
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2.6. Interpretation of the Crime-Reducing E! ect

Table 2.15: Probability of Contacting Police during the Previous Twelve
Months

As a Victim As a Witness
(1) (2) (3) (4)

Linear probability model (LPM)
New immigrants -0.043 -0.057 -0.034 -0.048

(0.011)*** (0.011)*** (0.010)*** (0.010)***
Recent immigrants -0.021 -0.034 -0.019 -0.030

(0.010)** (0.010)*** (0.009)** (0.009)***
Established immigrants -0.021 -0.009 -0.031 -0.019

(0.005)*** (0.005)* (0.004)*** (0.004)***

Logit model: average marginal e " ect
New immigrants -0.048 -0.060 -0.038 -0.050

(0.016)*** (0.015)*** (0.014)*** (0.014)***
Recent immigrants -0.022 -0.032 -0.019 -0.028

(0.011)* (0.011)*** (0.011)* (0.010)***
Established immigrants -0.021 -0.009 -0.035 -0.022

(0.005)*** (0.005) (0.005)*** (0.005)***

Controls
Female

& &

Married
& &

Age group dummies
& &

CMA
& & & &

Year dummies
& & & &

Province dummies
& & & &

Observations 43,909 43,522 43,903 43515
LPM R-squared 0.018 0.028 0.005 0.017

Estimation is based on the 1999 and 2009 General Social Survey (GSS). The
omitted group is: natives, male, single, age 60 and above (GSS only surveyed
those aged 15 and above), non-CMA, Newfoundland and Labrador, year 1999.
All the regressions are weighted using survey weight.
Robust standard errors are in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1

In columns (1) and (2), the dependent variableCi is a dummy variable
that takes value 1 if the respondent contacted police as a victim of a crime
in the previous 12 months. In columns (3) and (4), Ci takes value 1 if
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2.6. Interpretation of the Crime-Reducing E! ect

the respondent contacted police as a witness to a crime in the previous
12 months. Imm N

i , Imm R
i , and Imm E

i are dummy variables indicating
whether the respondent is a new immigrant, recent immigrant, or established
immigrant. X i indicates other control variables.

Because all of the control variables are mutually exclusive dummy
variables, &1, &2 and &3, estimated using a linear probability model
(coe" cients presented in the Þrst panel), are the di! erences in the
police-contacting probabilities between the three immigrant groups and
natives. For a robustness check, average marginal e! ects of a logit model
are also presented in this table.

The estimation results show that all three groups of immigrants
tend to contact police less often than natives, either as victims or
witnesses. Although the underreporting rates are statistically signiÞcant,
the magnitudes do not justify the crime-reducing e! ect found in this chapter
for the following two reasons.

First, the relative magnitudes of the underreporting are the opposite
of the crime reduction pattern along the years-since-arrival dimension.
Results in the earlier sections show that more established immigrants have
a bigger crime-reducing e! ect. If such e! ect comes from the underreporting
behaviour, the Þndings would suggest that more established immigrants
contact police less often. On the contrary, estimation with GSS data shows
that, although new immigrants are less likely to contact police compared to
natives, the di! erence gets smaller with increasing duration of residency in
Canada.

Second, the size of the underreporting is not large enough to account
for the size of the crime-reducing e! ect. Assume the crime rates among
immigrants and natives are the same. Averaging the national property crime
rate from the year 1977 to the year 2010 yields crime ratescM = cN = 0 .05.
To demonstrate an extreme case, consider the largest coe" cients of new
immigrants in column (2). A reporting rate di ! erence of 0.06 would yield a
crime rate change of only 0.0003, or 0.03%, which is much smaller than the
estimated crime-reducing e! ect of 0.2% to 0.3% for recent immigrants, or
0.1% to 0.15% for established immigrants.

Therefore, although there exists a signiÞcant di! erence between
immigrants and natives in terms of the frequency of contacting police,
the crime reduction e! ect of immigrants cannot be attributed to the
underreporting behaviour.
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2.6. Interpretation of the Crime-Reducing E! ect

2.6.2 Dilution E ! ect: Inßux of Law-Abiding Populations

Another possible explanation of the crime reducing e! ect is that immigrants
to Canada are more law-abiding, i.e.,cM < c N .

Estimation of cM and cN requires individual-level crime statistics.
Unfortunately, crime statistics do not usually collect immigrant identiÞers
and, at most, collect limited ethnicity information. 27 Existing empirical
evidence does not provide a clear picture of criminal behaviour comparisons
between immigrants and natives. Nevertheless,Samuel and Faustino-Santos
[1991] Þnd that immigrants are underrepresented in the prison population
in Canada. Correctional Service of Canada [Trevethan and Rastin, 2004]
reports that, among o! enders, visible minority o! enders are less likely to be
ÒentrenchedÓ in a criminal lifestyle compared to the Caucasian o! enders.28

If immigrants in Canada are more law-abiding, a large inßux of such
persons would reduce the density of the criminal population and decrease
the crime rate at the aggregate level. A quick look at the national trend
supports this interpretation (See Figure2.7). In the past three decades, even
though the actual count of the property crime incidents has not fallen much,
once the population increase is taken into account, the property crime rate
shows a clear decreasing pattern.

Still, dilution is not the whole story. Even under the most extreme case,
when cM = 0 and %N = 1, i.e., immigrant crime rate is zero and natives
report all the crimes that occur, Equation (2.8) implies that a 0.2% drop in
crime rate would require the existing crime rate for natives to be 20%. This
number is simply too high. Even at the highest level, the year 1991 reports
a total crime rate of only 10% and a property crime rate of only 6%.

The above analysis shows that neither underreporting nor dilution can
fully explain the large crime reduction e! ects of immigrants, suggesting
a spillover e! ect at play. That is, not only do immigrants themselves
commit less crimes, they can reduce the crime rates in the long run through
channels such as changing the neighbourhood characteristics [Hiebert, 2000]
or impacting the behaviour of natives. Related to this point, there is existing
empirical evidence that Þnds a reduction in the crime rate often leads to

27 For example, the United States only records black/white identiÞer. Canada, Australia
and New Zealand only permit aboriginal/non-aboriginal identiÞer [ Tonry , 1997].

28 Note that although there is a higher share of visible minority in the immigrant
population, visible minority and immigrant are not the same concept. By Òentrenched,Ó
the authors mean the visible minority o ! enders tend to have less extensive criminal
histories, are incarcerated less often for o! ences against the person, and are lower in
risk and need than Caucasian o! enders.
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2.7. Conclusion

Figure 2.7: Crime Rates versus Actual Number of Incidents
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future accumulative crime reduction [Funk and Kugler, 2003; Corman and
Mocan, 2005; Caetano and Maheshri, 2013], called Òbroken windowÓ theory
in criminology. Formal tests of any spillover e! ects require further studies
that are beyond the scope of this chapter.

2.7 Conclusion

There has been an increasing concern in countries receiving immigrants that
immigration raises crime. However, such concern lacks empirical support.
One important challenge of identifying the impact of immigration on crime
is reverse causality, or the endogenous location choice of immigrants. On
the one hand, immigrants might choose to settle in areas with low crime
rates for a better quality of life. On the other hand, areas with high crime
rates might have lower housing prices and therefore attract immigrants with
few Þnancial resources. This chapter uses an instrumental variable strategy
that is based on the observation that immigrants tend to go to communities
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2.7. Conclusion

where their families and friends reside.
This chapter studies the heterogeneous impact of immigration on crime

rates along the years-since-arrival dimension. The impact on crime along
this dimension has not been previously studied. This study Þnds that new
immigrants do not have a signiÞcant impact on property crime rates, but
as they stay longer, more established immigrants actually decrease property
crime rates signiÞcantly. This pattern is robust to model speciÞcation and
di! erent ways of including the instrument variables. It is further validated
by falsiÞcation tests that utilize the structure of the panel data constructed
for this chapter.

This chapter rules out the possibility that immigrants simply do not
report to police when crime happens. Similarly, it Þnds that dilution of the
criminal pool by the addition of law-abiding immigrants can not fully explain
the size of the estimates. Therefore, the paper concludes that immigration
has a spillover e! ect, such as changing the neighbourhood characteristics
and a! ecting the behaviour of the native population, reducing crime rates
in the long run.

This chapter establishes the causal relationship between immigration
and crime rates in Canada, but it raises more questions. Does immigration
reduce crime by a! ecting labour market outcomes? Do immigrants settle
in lower income communities and revitalize them? Is it possible that the
spill over e! ect operates through family ties and a! ects second-generation
immigrants? The answers to these questions are important, but they are
beyond the scope of this study.
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Chapter 3

Ethnic Diversity and Labour
Market Outcomes of the
Native Born

3.1 Introduction

Immigration laws remain a controversial policy issue in most industrialized
nations. On the one hand, a number of countries, most notably Switzerland
and Canada, have recently decided to impose stronger restrictions on
immigration. On the other hand, several European countries, such as
Germany, are gradually becoming more open to large-scale immigration,
often with signiÞcant resistance from native groups. Likewise, policy
debates about immigration policy remain active in the United States,
yet a signiÞcant fraction of their population hold negative views towards
immigration. 29

Economists have not reached an agreement about the welfare e! ect of
immigration on the native population. A sizeable empirical literature has
studied the impact of immigrant inßows on local labour market outcomes,
such as wages and unemployment rates of the low-skilled labour force.30

29 International social surveys asked respondents whether the number of immigrants
to the country should be increased, reduced or remain the same. In 2003, over 50% of
respondents in the United States are in favour of reducing the immigration inßow. This
share is smaller in Canada, but still accounts for over 30% of the respondents [OECD,
2010; Simon and Sikich, 2007]. Also, the positive attitude towards immigration in Canada
has been decreasing. The 2012 Annual Tracking Survey from Citizenship and Immigration
Canada found that the share of Canadian respondents who believe immigrants are positive
to the economy fell by 10 percentage points from the 2010 survey [Citizenship and
Immigration Canada , 2012].

30 SeeBorjas [1994], Friedberg and Hunt [1995], and Kerr and Kerr [2011] for surveys.
Recent literature also studies impacts of immigrants beyond the labour market outcomes,
such as boosting innovation [Hunt and Gauthier-Loiselle , 2010; Kerr and Lincoln , 2010],
reducing the price of labour intensive services [Cortes, 2008] and increasing the labour
supply of high skilled women [Cortes and Tessada, 2011]. Also see the other two chapters
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The evidence is mixed - possibly due to the lack of large-scale experimental
variation 31 - and strongly depends on the empirical design chosen by the
researcher.32 However, the focus on the scale of immigration to measure its
impact on local economies is ultimately too restrictive and may hide beneÞts
or costs that work through mechanisms other than inßows. In particular,
urban economists have started to emphasize the diversity of the local labour
force as a driving force for economic growth of urban centres. For example,
Florida [2002, 2003] argues that diversity among the creative class can
facilitate the ßows of ideas, bring together complementary approaches to
problem solving, and therefore determines the economic success of a city.
Similarly, Moretti [2012] provides evidence for the relationship between
diversity of the local labour force and the growth of innovation hubs, such
as the San Francisco Bay Area, New York, and Seattle.33

Building on these ideas,Ottaviano and Peri [2005, 2006] are the Þrst to
systematically investigate the e! ect of immigration on the native population
that works through its impact on the diversity of the labour force. After
all, an ethnically diverse immigrant population may change the local skill
composition favourably by generating complementarities in production with
the native labour force. Using decennial US Census data between 1970 and
1990, they provide strong and robust evidence for a productivity-enhancing
e! ect of ethnic diversity on city-level native wages.

Yet, a number of important and highly policy-relevant questions are
unanswered by these studies. First, one may wonder if these results
generalize to other countries that also experience large immigrant inßows,
in which case the diversity e! ect on native labour market outcomes would
uncover an interesting and hitherto neglected feature of the production
function. Second, rich empirical literature in urban- and labour economics
documents signiÞcant spillovers from the highly educated to labour market

of this dissertation for Canadian evidence.
31 SeeCard [1990] and Friedberg [2001] for evidence from natural experiments.
32 Earlier studies that deÞne labour markets by city usually Þnd insigniÞcant impact of

immigration [ Butcher and Card , 1991; LaLonde and Topel, 1991]. Borjas [2003] criticizes
this approach for failing to account for the native outward migration. He deÞnes labour
market by education and experience groups on the national level and Þnds a small but
signiÞcant negative impact of immigration on wages of less-educated natives. Card [2001]
and Peri and Sparber [2010] formally test the native displacement e ! ect and Þnd no such
evidence. Recent studies estimate the degree of substitution between immigrants and
natives [Peri and Sparber, 2009; Ottaviano and Peri , 2012] and argue that immigrants
and natives are not perfect substitutes.

33 Also seeDuranton and Puga [2001] for a theoretical model on innovation, production,
and diversiÞed cities.
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outcomes of the lesser educated,34 which raises the question whether there
is an interaction between ethnic diversity and the skill-composition of
immigrants. If so, this would have important implications for the design
of immigration policy. And third, as noted by Ottaviano and Peri [2006] in
a concluding discussion, the diversity-wage relationship remains a black-box
that waits to be opened.

This study uses the master Þles of the Canadian Census data to address
these issues.35 The focus on Canada is crucial for the intent of our study.
On the one hand, Canada is among the countries with the largest relative
immigrant inßows in the world.36 The concentration of these inßows on
a relatively small number of urban areas can be expected to generate a
particularly pronounced empirical diversity-wage relationship, if one exists
at all. Indeed, as shown in table3.1 and Þgure3.1, there is a considerable
amount of variation in ethnic diversity, both within city and over time, and
across cities in a particular year - more so than in the US data as summarized
in Ottaviano and Peri [2006]. On the other hand, the Canadian immigration
system is designed to balance long-term demographic goals and short-term
labour market demand, which generates signiÞcant skill heterogeneity
among immigrants. It is well known that Canada operates a point-based
immigrant selection system, which strongly favours highly skilled individuals
with excellent language skills and strong labour force attachment. What is
less known is that only approximately a quarter of immigrants enter Canada
under this point system, while the rest enter Canada as dependents of the
principal applicant or through other programs, such as family reuniÞcation-
and refugee programs. These non-employment-based channels are not biased
towards high-skilled immigrants and thus generate signiÞcant heterogeneity
in measurable skills in the immigrant population. Such variation is absent
from the US data. As a consequence, Canada serves as the ideal setting for
studying the interaction between ethnic diversity, the skill composition of
immigration, and local labour market outcomes. This contrasts sharply with

34 SeeRauch [1993], Acemoglu and Angrist [2000] and Moretti [2004] for discussions
on human capital externalities. Also, a series of studies by Glaesser and coauthors
discuss the relationship between educated population and growth of cities and argue that
skills increase productivity at the metropolitan level [ Glaeser and Saiz, 2003; Glaeser and
Resseger, 2010; Glaeser et al. , 2012].

35 Master Þles of the Canadian Census represent 20% of the total Canadian population.
The large sample size can mitigate the concern about attenuation bias that is raised by
Aydemir and Borjas [2011]

36 In the past decade, Canada receive over 200,000 immigrants each year. The most
recent census in 2011 shows that immigrants account for 20.6% of the total population in
Canada, much higher than the OECD average immigrant share in 2011 which is 13.4%.
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the US where the focus of empirical studies has been primarily on low-skill
immigration. A further advantage of the Canadian Census data is that they
are available in Þve-year intervals between 1981 and 2006, thus providing
more time-series variation than the corresponding decennial US data.

This chapter starts the analysis by estimating an empirical model of
city-level wages on a sample of prime-age Canadian-born males, following
closely the strategy in Ottaviano and Peri [2006]. The model is a linear
city-Þxed e! ects regression of wages on ethnic diversity and a number of
controls. Ethnic diversity is deÞned as the Òindex of fractionalizationÓ.37

This empirical exercise does not uncover any signiÞcant systematic
relationship between the ethnic diversity and wages of the native born of
a city. While it is true that cities with a more ethnically diverse labour
force have on average higher native wages in the repeated cross-section, this
correlation disappears once one relies exclusively on within-city time-series
variation to identify the true e ! ect.

Once the ethnic diversity is deÞned among highly- and lowly-educated
immigrants as separate explanatory variables, empirical Þndings change
dramatically. In particular, this chapter Þnds that ethnic diversity among
the highly educated has a strong positive e! ect on the average wages of
Canadian-born men. The results are not only robust to the inclusion of
various (potentially endogenous) regressors, such as the city-level share of
immigrants or the diversity of the labour force with respect to the province of
residence Þve years prior to the sample year, but also robust to the inclusion
of city-speciÞc time trends. Furthermore, exclusion of the immigrant hubs
Toronto, Vancouver, Montreal or Calgary, does not alter our estimates.

Since none of these regression speciÞcations address endogeneity
concerns directly - arising from growing cities attracting a diverse group
of highly educated immigrants - this chapter also employs an instrumental
variable strategy based on the well-established shift-share methodology
[Card, 2001]. This strategy constructs instrumental variables from the
predicted part of ethnic diversity based on historic settlement patterns.
These instruments are powerful in the sense that the Þrst-stage relationship
passes conventional criteria for strong instruments.38 Furthermore, the
second-stage point estimates of the diversity-wage relationship are, in most

37 The index of fractionalization, applied to ethnic diversity, is the probability that two
randomly selected individuals in a particular city are not born in the same country. It is
equal to one minus the HerÞndahl index. SeeAlesina and La Ferrara [2005] for a survey of
using this index to approximate the ethnic diversity and to study the impact of diversity
on economic policies and outcoms.

38 The validity of this IV is discussed in depth in chapter 2 and chapter 4.
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cases, not statistically di! erent from those found in the OLS-Þxed e! ects
regressions. If anything, IV-estimates suggest a stronger impact of ethnic
diversity on local wages than our OLS estimates. At the same time, this
chapter Þnds some evidence for a negative impact of ethnic diversity among
the lesser educated on native wages.

The strong and robust relationship between ethnic diversity among
highly skilled immigrants and wages of native-born men is consistent with
the arguments in Moretti [2012] and Florida [2002, 2003] that stress the
importance of diversity among professionals for the creation of innovation
hubs. This chapter explores two distinct, although not mutually exclusive,
mechanisms that may generate spillovers from highly-educated workers to
the lesser educated. On the one hand, diversity among the highly skilled
may increase factor productivity of all workers, thus generating a spillover to
the low-skilled workforce. This mechanism is referred to as a Òproductivity
spilloverÓ. On the other hand, a higher rate of innovation may increase
the income of the highly skilled, thereby increasing the demand for goods
and services produced by the lesser educated. This hypothesis is called a
Ògeneral equilibrium demand spilloverÓ in this chapter.

To investigate the empirical relevance of these two mechanisms, the
city-time level data is disaggregated to a Þner level. A simple test of
productivity spillovers can be derived under the assumptions that (i)
city-level output is produced with a technology in which age-speciÞc labour
supply is not perfectly substitutable, (ii) di ! erent skill groups are more likely
to interact if they belong to the same age group, (iii) productivity spillovers
work by way of direct interactions of workers of di! erent skills,39 and (iv)
the city-level demand curve is downward sloping. In that case, productivity
spillovers operate within peer-groups deÞned by age that are not perfectly
substitutable in production. 40 Thus, replacing city-Þxed e! ects with
city-time Þxed e! ects in the disaggregated regression is expected to yield
larger estimates of the diversity e! ect. Intuitively, in the extreme case where
spillovers exclusively operate within age-groups, a regression with city-time
Þxed e! ects will identify the parameter only from the positive within-group
interactions, while a regression without Þxed e! ects averages theses e! ects
against a city-level labour supply e! ect. In contrast, demand spillovers
operate across industries or occupations and, if skill-group speciÞc wages
are equalized, can only be detected in the reaction of employment shares

39 Charlot and Duranton [2004] stresses the importance of communication in workplace
on productivity.

40 Card and Lemieux [2001] present a model and empirical evidence that similarly
educated workers in di! erent age groups are not perfect substitutes.
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to changes in the diversity of the highly-skilled immigrant labour force.
This hypothesis is tested by estimating the city-Þxed e! ects regressions of
employment shares on the diversity index of the highly educated immigrants
for each industry or occupation. To the best of our knowledge, this approach
of testing the underlying mechanism of the diversity-wage relationship is
novel.41

We Þnd that the estimates from the disaggregated regressions remain
positive and highly signiÞcant and increase after adding in city-time Þxed
e! ects. This result suggests that ethnic diversity among highly-skilled
immigrants produces productivity spillovers to the lesser educated. At the
same time, we Þnd some evidence for a reallocation of native employment
to the construction sector in response to diverse high-skill immigration,
pointing to a major e! ect of ethnic diversity of the highly educated labour
force on the local demand structure.

The rest of this chapter is organized in the following way. Section
3.2 describes the data and the construction of the key variables. Section
3.3 derives the baseline empirical model from a CES production function
and presents the estimation results on the aggregated level. Section3.4
disaggregates the data into age-, industry-, and occupation-level to test for
underlying mechanism. Section3.5 concludes.

3.2 Data and Descriptive Statistics

3.2.1 Data

We use the repeated cross-sectional data from the Canadian Census to
estimate the relationship between ethnic diversity and labour market
outcomes of Canadian-born male workers. The public use Þles of the
Canadian Census are created under signiÞcantly stricter conÞdentiality

41 A well-known issue in urban economics is that wage di! erentials across cities do
not necessarily reßect productivity di ! erentials since they are also likely to compensate
for inter-city di ! erences in non-monetary amenities. Ottaviano and Peri [2006] solve this
problem by estimating rent regressions in addition to wage regressions. The earlier version
of this chapter [Sze, 2012] uses a similar approach and Þnd a positive and signiÞcant impact
of diversity on both wage and rent, which suggets the presence of a positive and dominant
productivity e ! ect of diversity. In this version, we argue that disaggregating the baseline
regression is an e! ective way of testing alternative mechanisms. More speciÞcally, since
we disaggregate the baseline regression by education, if the wage e! ect of ethnic diversity
were driven by changes in the di! erences in amenities across cities, we would expect it not
to depend on whether we use the ethnic diversity of highly or lesser educated immigrants.
Section 3.4 discusses the reasons of not including rent regression extensively.
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rules than their US equivalent, with the consequence that variables that
are crucial to the empirical investigation in this chapter, such as city of
residence and place of birth, are highly aggregated. Therefore, we rely
exclusively on the conÞdential master Þles of the Canadian Census, available
in Þve-year intervals between 1981 and 2006. A further advantage of using
the conÞdential data is their large sample sizes, alleviating the concern about
sampling error and attenuation bias raised inAydemir and Borjas [2011].42

In constructing the data we largely follow Ottaviano and Peri [2006], with
slight modiÞcations of the sample restrictions and variable constructions
when necessary.

We create variables from two groups of individuals in the Canadian
Census, prime-age Canadian-born males and prime-age foreign-born
residents in Canada. The Þrst group is used to compute outcome variables
and a number of controls, while ethnic diversity and other immigrant labour
supply variables are computed from the second group. The level of variation
is city-time, where a city is deÞned by census metropolitan areas (CMA).
We choose CMAs because their deÞnition takes work commute patterns
into account and thus provide a natural categorization of local labour
markets. This leaves a sample of thirty-three CMAÕs, with six observations
for thirty-two of them and Þve observations for the CMA Abbotsford. A list
of the CMAs included in the Þnal sample is provided in appendix tableB.1.

Our main outcome of interest is the logarithm of average wages of male
Canadian born workers who are between 30 and 55 years of age. We exclude
younger and older workers to construct a wage measure that is unlikely to be
a! ected by life-cycle labour supply decisions such as educational attainment
or retirement. We further restrict the native sample to those who worked
at least 40 weeks and who are coded as full-time employed, both in the
previous year. Wages are deÞned as the average labour earnings per week.43

The resulting wage measure is deßated by the CPI. In a number of regression
speciÞcations, we include a proxy of city-time level labour supply of native
prime-aged male. Since the labour market variables used in this study are
recorded retrospectively while employment status refers to the week of the
survey, we do not use the employment rate as a labour supply control.
Instead, we calculate the unconditional average weeks worked in the previous
year for the native-born male sample. This measure implicitly accounts for
labour supply di! erences across cities and over time along the extensive and

42 The master Þles of the Canadian Census covers 20% of the Canadian population,
while the public use Þles only cover 2.7%.

43 The variable choice for the wage deÞnition is similar to that used in Boudarbat et al.
[2010].
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the intensive margins.
Like Ottaviano and Peri [2006], we deÞne ethnic diversity by the index

of fractionalization, which is one minus the HerÞndahl index. Indexing a
city by c, an ethnic group by j , time by t, and denoting the city-speciÞc
share of residents born in countryj by CoBj,c , it is deÞned as

divct = 1 "
!

j
(CoBj,c )2

t . (3.1)

This measure includes the share of native-born and is an estimator of the
probability that two randomly selected individuals in a city were born in two
di! erent countries. It is straightforward to show that it can be rewritten as

divct = 1 "
#

Pf
ct

$2
'

%
1

Pf
ct

" div f
ct

&

, (3.2)

where Pf
ct is the immigrant share of the local population and div f

ct is the
index of fractionalization among the foreign born.

This equation clariÞes that variation in the measure of ethnic diversity
stems from variation in both the share of foreign-born individuals in a city
and the diversity among the foreign-born. As a consequence, regressions
that control for the immigrant-share identify the e ! ect of diversity on labour
market outcomes of the natives from variation in the diversity among the
foreign-born. This will play an important role in interpreting the regression
results. To increase precision in the estimate ofdivct , we maximize on sample
size by using the entire metropolitan sample of individuals who are between
25 and 64 years of age, no matter the gender. We use all countries of
birth recorded in the corresponding variable of the Canadian Census master
Þles and categorize them into larger groups of countries of birth. A table
documenting the groups is listed in appendix tableB.2.

3.2.2 Descriptive Statistics

A potential problem of using Canadian data is the small number of
metropolitan areas, raising the question if there is su" cient variation to
precisely estimate a diversity e! ect on local labour market outcomes. This
concern is unfounded, however, as shown in table3.1 and Þgure 3.1.
The table lists the share of the foreign-born as a percentage of the total
population for a sample of individuals between the ages of 25 and 64 together
with the corresponding diversity measure for the largest urban centres in
each of the seven most populous provinces and for each Census year. The
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Table 3.1: Share of Foreign-Born and Ethnic Diversity in Selected
Metropolitan Areas

1981 1986 1991 1996 2001 2006 1981 1986 1991 1996 2001 2006

PANEL A: FULL WORKING-AGE SAMPLE

Halifax 0.10 0.09 0.09 0.09 0.09 0.09 0.19 0.17 0.17 0.17 0.17 0.17
Montreal 0.21 0.20 0.22 0.23 0.23 0.26 0.37 0.35 0.38 0.40 0.40 0.44
Toronto 0.50 0.47 0.50 0.53 0.55 0.57 0.71 0.68 0.72 0.75 0.76 0.78
Winnipeg 0.23 0.22 0.22 0.21 0.21 0.21 0.40 0.39 0.38 0.38 0.37 0.38
Saskatoon 0.13 0.11 0.11 0.10 0.10 0.11 0.25 0.21 0.20 0.19 0.19 0.20
Calgary 0.28 0.26 0.26 0.27 0.27 0.30 0.47 0.45 0.45 0.46 0.46 0.50
Vancouver 0.36 0.35 0.38 0.43 0.46 0.48 0.57 0.56 0.60 0.65 0.67 0.69

PANEL B: LESSER EDUCATED WORKING-AGE SAMPLE

Halifax 0.08 0.07 0.07 0.07 0.06 0.06 0.15 0.14 0.13 0.13 0.12 0.12
Montreal 0.20 0.19 0.21 0.21 0.21 0.22 0.35 0.34 0.36 0.38 0.37 0.39
Toronto 0.51 0.48 0.52 0.55 0.55 0.56 0.71 0.69 0.73 0.76 0.77 0.77
Winnipeg 0.23 0.22 0.21 0.21 0.20 0.20 0.40 0.39 0.38 0.37 0.36 0.35
Saskatoon 0.12 0.10 0.09 0.08 0.08 0.08 0.23 0.19 0.17 0.15 0.15 0.15
Calgary 0.27 0.26 0.26 0.26 0.25 0.26 0.46 0.44 0.44 0.45 0.43 0.45
Vancouver 0.36 0.35 0.37 0.41 0.43 0.43 0.57 0.56 0.58 0.63 0.64 0.65

PANEL B: HIGHLY EDUCATED WORKING-AGE SAMPLE

Halifax 0.19 0.16 0.16 0.16 0.15 0.15 0.34 0.29 0.30 0.29 0.27 0.27
Montreal 0.26 0.23 0.25 0.26 0.28 0.32 0.45 0.40 0.43 0.45 0.47 0.53
Toronto 0.43 0.40 0.45 0.49 0.53 0.58 0.65 0.62 0.68 0.71 0.75 0.78
Winnipeg 0.23 0.23 0.23 0.24 0.23 0.26 0.41 0.40 0.40 0.41 0.41 0.44
Saskatoon 0.18 0.17 0.17 0.17 0.17 0.17 0.32 0.30 0.31 0.31 0.30 0.31
Calgary 0.29 0.29 0.28 0.29 0.31 0.36 0.49 0.48 0.47 0.49 0.51 0.58
Vancouver 0.39 0.38 0.42 0.48 0.52 0.56 0.61 0.59 0.64 0.69 0.72 0.74

Notes:

Share of Foreign-Born Diversity Index

TABLE 1 - SHARE OF FOREIGN-BORN AND ETHNIC DIVERSITY IN SELECTED METROPOLITAN AREAS

same statistics are also shown for the sample of highly- and lowly-educated
individuals.44 There is signiÞcant variation in each measure within city
over time and across cities. Among the cities listed in the tables, the
sample share of the foreign born ranges from nine percent in Halifax in
the 1981 Census to Þfty-seven percent in Toronto in the 2006 Census. With
very few exceptions, the foreign-born population has a larger share of the
population among the higher-educated individuals, mirroring the bias of
the Canadian immigration policy towards high-skill immigration. However,
the corresponding share among the lesser educated is also high in almost
all urban centres. Interestingly, there are metropolitan areas in which
the fraction of foreign-born individuals has decreased over time, such as
Halifax and Saskatoon. Other cities, such as Toronto and Vancouver, have
experienced large increases in their immigrant population. These increases

44 We deÞne the highly-educated individuals as those with at least some university
education.
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3.2. Data and Descriptive Statistics

Figure 3.1: Ethnic Diversity And Log-Average Weekly Labour Income Of
Native Men, Age 30-55: 5-Year Changes
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(c) Less Educated, Full Sample

Using Ethnic Diversity Index among the Lesser Educated
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(d) Less Educated, PUMF Metropolitan Areas

Using Ethnic Diversity Index among the Lesser Educated
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(e) Highly Educated, Full Sample

Using Ethnic Diversity Index among the Highly Educated
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(f) Highly Educated, PUMF Metropolitan Areas

Using Ethnic Diversity Index among the Highly Educated

have been particularly pronounced for the highly-educated population.
These empirical facts are also reßected in the diversity measure. Cities
with increases in the immigrant share have also experienced increases in
their ethnic fractionalization. Furthermore, the highly educated population
is systematically more diverse than the lesser educated population.

We plot 5-year changes in the diversity index against the associated
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3.2. Data and Descriptive Statistics

Table 3.2: Descriptive Statistics In Main Sample: Native-Born Male,
Working Age

1981 1986 1991 1996 2001 2006
For Natives

Real Weekly Labor Earnings
Full Sample 977 1034 1022 1054 1098 1177

(85) (82) (79) (90) (130) (187)

Lesser Educated 909 960 942 962 986 1038
(76) (71) (70) (84) (105) (130)

Highly Educated 1267 1310 1321 1354 1463 1552
(108) (118) (108) (127) (200) (313)

Share of Highly Educated 0.172 0.186 0.191 0.199 0.206 0.232
(0.044) (0.048) (0.049) (0.050) (0.055) (0.057)

43.0 41.6 42.0 40.1 41.7 42.0
(1.6) (1.9) (1.4) (1.7) (1.7) (1.4)

5-year Mobility Rate 0.215 0.203 0.255 0.194 0.181 0.170
(0.060) (0.051) (0.067) (0.059) (0.050) (0.047)

Provincial Mobility Index 0.200 0.186 0.214 0.180 0.171 0.157
(0.056) (0.048) (0.069) (0.055) (0.051) (0.046)

For Immigrants

Real Weekly Labor Earnings
Full Sample 997 1050 1059 1056 1081 1099

(85) (85) (108) (106) (128) (143)

Lesser Educated 887 929 914 896 906 919
(63) (91) (103) (121) (134) (144)

Highly Educated 1234 1294 1330 1319 1342 1313
(101) (88) (118) (116) (151) (169)

Share of Highly Educated 0.268 0.290 0.308 0.332 0.360 0.422
(0.130) (0.125) (0.123) (0.125) (0.118) (0.103)

43.3 41.9 41.2 39.0 39.9 40.0
(1.4) (2.0) (1.9) (2.9) (2.5) (2.4)

Number of Observations 32 33 33 33 33 33

"Employment": avg. Weeks 
Worked in Full-Time Job

TABLE 2 - DESCRIPTIVE STATISTICS IN MAIN SAMPLE: NATIVE-BORN MALE, 
WORKING AGE

NOTES:  This table displays city-level means of selected variables separately for each Census year. Standard errors 
are in paranthesis. All statistics are unweighted.

"Employment": avg. Weeks 
Worked in Full-Time Job

5-year percentage change in average wages of the prime-age native
male population for the city-time level sample, providing a graphical
representation of the most basic Þxed e! ects regression estimated below.
Results are shown in Þgures3.1 for the ethnic diversity measure computed
from the full sample, the sample of the highly educated, and the sample of
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the lesser educated. It is interesting to compare the Þndings from the master
Þles with those from the public use Þles since the latter over-emphasize larger
urban centres. For this reason, we show the Þgures for both Þles, with those
computed from the master Þles on the left. We highlight three results. First,
there is signiÞcant variation in the change of the diversity index, with both
small and large 5-year changes. Importantly, the variable is quite evenly
distributed without a clear point of concentration, in sharp contrast to the
US-data where the variation is mainly driven by a few urban centres.45

Second, there is a noticeable positive relationship between changes in ethnic
diversity and changes in average wages of the native population only when
the former is calculated from the sample of the highly educated. This shows
that emphasizing the interaction between education and ethnic diversity
may be important. Third, the relationship is stronger in the public use Þles,
seemingly because of a greater variability in the wage changes across cities
and Census years. This suggests that weighting cells by their sample size
may be important in the regression analysis.

We show a number of further descriptive statistics in table 3.2, for the
native-born sample in the top panel and the immigrant sample in the lower
panel. As expected, real wages of the native-born increase monotonically
over the sample period, and highly educated earn signiÞcantly more than
the lesser educated. At the same time, the share of highly-educated native
male increases monotonically as well from 17 percent in 1981 to 23 percent in
2006. Interestingly, Þve-year rates of geographical mobility across provinces
has decreased since the 1991 Census, mirroring a broader North-American
trend.46 In addition, we constructed a Òprovincial mobility indexÓ in the
same fashion as the diversity index, using the province of residence Þve years
prior to the respective Census years.47 The mobility index has decreased
as well since 1991. We will use this variable in a number of regression
speciÞcations to partially control for unobserved productivity shocks that
may attract immigrants.

45 See Þgure 1 inOttaviano and Peri [2006].
46 SeeKaplan and Schulhofer-Wohl [2012] and Molloy et al. [2011].
47 The Òprovincial mobility indexÓ is the probability that two randomly selected native

individuals in a particular city lived in two di ! erent provinces Þve years ago.
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3.3 Aggregate Wage Regressions: Empirical
Model and Results

3.3.1 Empirical Model

We derive the empirical model from the standard CES production function
for city-time level output of a homogenous and tradable goodYct

Yct = [ " c ' (Act ' L ct)
! + (1 " " c) ' K !

ct ]
1
" , (3.3)

where L ct and K ct are labour and capital inputs in city c in time t, " is
a share parameter, andAct is a labour-augmenting city-speciÞc technology
shock. We think of K ct as an input variable that captures all types of
capital, including property and building structures. As a consequence,K ct

involves components that are not freely tradable across cities and thus
has a city-speciÞc pricer ct . Normalizing the price of Yct to one, proÞt
maximization yields the log-wage equation

log (wct) = log
'

" c

1 " " c

(
+ log

#
rct ' K 1! !

ct

$
+ ' ' log (Act) " (1 " ' ) ' L ct .

(3.4)
We impose further structure on the technology shock process by combining
the assumption inOttaviano and Peri [2006] that ethnic diversity has a direct
e! ect on factor productivity together with the error components model in
Card [2001], and use the speciÞcation

log (Act) = & ' divct + uc + vt + zct . (3.5)

Combining equations (3.4) and (3.5) and collecting terms result in the
reduced-form log-wage regression model

log (wct) = ! 1 ' divct + ! 2 ' L ct + ( c + ) t + µct , (3.6)

where ( c, ) t and µct are city-, time- and city-time Þxed e! ects respectively.
We are interested in estimating the e! ect of ethnic diversity on log-wages

of the native population, ! 1. For various reasons, we cannot estimate this
parameter from a Þxed e! ects regression of log-wages on ethnic diversity,
labour supply, and a number of further explanatory variables. First,
combinations of wages and labour supplied on the city-time level as observed
in the data need to be interpreted as equilibrium objects. In particular, L ct

needs to be treated as an endogenous variable. As a Þrst step, we have
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experimented with regressions of net outßows ofnatives from a city as a
function of wages and ethnic diversity, following the empirical strategy in
Card [2001]. Although at any point in time there are signiÞcant outßows
from a city, they are balanced by inßows of natives from other cities in
Canada. As a consequence, we Þnd no evidence of a signiÞcant relationship
between immigrant inßows, changes in wages, and the aggregate labour
supply of natives. We thus adopt the assumption in Ottaviano and Peri
[2006] that the native city population supplies labour inelastically, implying
that it will be absorbed by the city Þxed e! ect. As a consequence, any
variation in aggregate labour supply comes from immigrant inßows and will
be fully reßected by changes in the immigrant share of the labour force.
We then instrument this variable using a shift-share strategy, as described
below.

Second, the diversity e! ect cannot be separately identiÞed from the
city-time Þxed e! ect µct , the major identiÞcation issue of the analysis. In
particular, the scale and ethnic composition of immigrant inßows are likely
to react to city-level shocks that also a! ect local wages. We address this
issue in several ways, following along the lines ofOttaviano and Peri [2006].
Most importantly, we complement the empirical analysis based on simple
Þxed e! ects regressions of the form

log (wct) = ! 1 ' divct + ( "
c + ) "

t + #ct , (3.7)

where #ct is the error term, with corresponding regression models that
instrument divct using a shift-share instrumental variable strategy.48 More
speciÞcally, we use the historical distribution of immigrants from a certain
country of origin to allocate new waves of immigrants that are from that
same country.49 Note that divct is a function of CoBj,c,t . Formally, we
predict the number of immigrants from a country of birth j using

!CoBj,c,t =
CoBj,c, 1981"
j CoBj,c, 1981

' CoBj,t

To increase the strength of the Þrst-stage, we use the predicted shares for the
eighteen ethnic groups as IV instead of creating a predicted diversity index.
The validity of this IV strategy is well-established and widely accepted in the

48 Since we do not include the city-time Þxed e! ect µct in our regressions, it is important
to note that $c #= $$

c and %t #= %$
t .

49 Due to data restriction, the earlist census that provide comparable variables is the
1981 census. Therefore, Òhistorical distributionÓ refers to the ethnic distribution in
year1981.
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literature. 50 As shown in equation3.2, the diversity index depends directly
on the immigrant share of the local population. We therefore do not include
it as a separate control in the baseline regressions.51

We also perform an extensive list of robustness checks. For example, we
experiment with including regressors that are likely to be correlated with the
same shocks as ethnic diversity, such as the diversity of the native population
with respect to the province of residence Þve years prior to the survey date.
Furthermore, since we have six waves of the Canadian Census for a time
horizon of 25 years, we add city-speciÞc linear time trends to some of the
speciÞcations.

A Þnal question relates to the interpretation of the estimated diversity
e! ect. Ottaviano and Peri [2006] distinguish between a productivity e! ect
that enters the wage equation by way of the local technology process log (Act)
and a compensating wage di! erential e! ect that enters by way of the utility
of natives who may like or dislike an increase in ethnic diversity. To
separate between these two mechanisms they formulate a Rosen-Roback
model [Rosen, 1979; Roback, 1982] that generates reduced-form equations
for wages and rents. We do not rely on rent-regressions in this chapter since
we interpret preference shocks as a component ofµct that is highly correlated
with divct . Instead, we use a novel strategy to separate between di! erent
mechanisms of the diversity-wage relationship that works with wages directly
and disaggregates our data to a Þner level. As explained below, this strategy
has the advantage of being more general and of not relying on cross-equation
restrictions that are highly model speciÞc. Section3.4 discusses this issue
extensively.

3.3.2 Results

Results from estimating equation (3.6) are shown in table 3.3. We estimate
this model on the city-time level, treating the logarithm of average wages
of native men who are between 30 and 55 years of age as outcome. Since
we view the city, not the worker, as the unit of observation we do not weigh

50 The discussion of the validity of this IV can be found in chapter 2 and chapter 4.
51 Although the baseline model does not explicitly control for population composition of

each CMA, disaggregating along the age groups, occupation groups and industry groups
(discussed in section3.4) can serve as a robustness check in the sense that it controls for age
composition, occupation composition, and industry composition implicitly. SpeciÞcations
with additional control variables for detailed CMA characteristics will be explored in
future work.
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Table 3.3: Estimated E! ect Of Ethnic Diversity On Log Average Weekly Labour Income Of Native Male, Age
30-55

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

Ethnic Diversity Index:

Full Working-Age Sample 0.382 -0.469 0.397 0.186 0.303 -0.143 0.193
(0.058) *** (0.366) (0.056) *** (0.240) (0.046) *** (0.220) (0.917)

among Lesser Educated -0.273 -0.651 -0.688
(0.211) (0.226) *** (0.703)

among Highly Educated 0.387 0.668 0.661
(0.197) * (0.194) *** (0.236) ***

0.288 0.322
(0.166) * (0.163) *

Share of the Foreign-Born -0.607 -0.086
(1.172) (1.008)

FIXED EFFECTS:

CMA No Yes No Yes No Yes Yes Yes Yes Yes Yes
Census Year No No Yes Yes No Yes Yes Yes Yes Yes Yes

Number of Obs.

R-Squared 0.30 0.62 0.57 0.88 0.43 0.91 0.92 0.91 0.92 0.93 0.93

TABLE 3 - ESTIMATED EFFECT OF ETHNIC DIVERSITY ON LOG AVERAGE WEEKLY LABOR INCOME OF NATIVE MALE, AGE 30 - 55

NOTES:  This table shows estimates of log-"wages" of native males in our main sample on our ethnic diversity index from unweighted city-time level regression models. "Wages" are calculated 
as the average weekly labor income in the previous year. Columns (1) to (7) explore robustness of the estimates with respect to various combinations of fixed effects and controls. Columns (8) to 
(11) use the ethnic diversity index split by education groups as controls. The share of highly educated that is used as control in some of the models is calculated from the native sample. *** 
Significant on 1%-level; ** Significant on 5%-level; * Significant on 10%-level. Standard errors are clustered by cma.

No

Log of Avg. Weeks Worked                     
(Native Male Working-Age Sample)

4TH-ORDER POLYNOMIAL IN 
SHARE OF HIGHLY 

YesYesNoNoNo

197

YesYesYesYesYes
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the regressions by cell size.52 The appropriate counterfactual associated
with this regression is the e! ect of a change in ethnic diversity on city-level
labour market outcomes of any native prime-aged men. Standard errors are
clustered on the city level.

We start with estimating a bivariate regression of log-average wages on
ethnic diversity. This yields a highly signiÞcant estimate of .38, implying
that an increase of ethnic diversity by .05 - the largest value in our sample
- is associated with an increase of native wages of less than 2 percent.
The next three speciÞcations use di! erent combinations of the Þxed e! ects.
Introducing city-Þxed e! ects generates a negative, though insigniÞcant,
diversity e! ect on native wages. A possible explanation for this result is
that declining cities are associated with decreasing real wages and diversity,
while the opposite is true for booming cities. Averaged over the population
of Canadian cities, this yields an insigniÞcant estimate. On the other hand,
including time Þxed e! ects changes the results from the bivariate regression
only marginally. Hence, at any point in time more ethnically diverse cities
have higher average wages, most likely because cities with strong labour
markets attract the most immigrants. When introducing both sets of Þxed
e! ects, the point estimate remains positive, but decreases by more than half
relative to the bivariate regression and becomes insigniÞcant.

In the next two columns we investigate the e! ect of controlling for the
native share of highly educated workers. We conjecture that high-wage
labour markets attract a highly educated labour force. As a consequence,
controlling for average education should proxy for the same type of shocks
that attract a diverse population of immigrants. Interestingly however, the
education control does not alter the results from the bivariate regressions
signiÞcantly, even though it enters as a forth-order polynomial. In contrast,
combining this regression speciÞcation with two-way Þxed e! ects regression
results in an insigniÞcant and negative point estimate.

The remaining regression results shown in the table are estimates from
variations of this speciÞcation. Column 7 shows what happens if we
introduce labour supply controls - unconditional annual weeks worked of
the native male population and the local immigrant share. As discussed
above, controlling for the latter means that the diversity e! ect is solely
identiÞed from the diversity among the immigrant population. We Þnd that
the point estimate for the diversity index becomes positive, but imprecise.
We can therefore not reject the null hypothesis of a missing diversity e! ect.

52 We carried out the same analysis that are weighted by cell size. As appendix table
B.3 shows, results are robust to the weighting scheme.
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Likewise, the e! ect of the immigrant share in the local population has a
negative, albeit insigniÞcant e! ect. Taken together, the results from the Þrst
seven speciÞcations suggest that there is no strong evidence for a positive
diversity e! ect on local wages of the native population.

The remaining four speciÞcations use combinations of two diversity
indices that are calculated separately from the populations of less- and
highly- educated immigrants. These results are quite striking. On the
one hand, ethnic diversity among the highly educated has a robust and
signiÞcant positive e! ect on wages of the native population. On the other
hand, there is some evidence that the opposite is true for ethnic diversity
among low-skill immigrants. The latter a! ect vanishes once one controls for
the immigrant share of the local population. This however is solely driven
by an increase in standard errors.

In table 3.4we re-estimate the main speciÞcation using the three di! erent
measures of ethnic diversity with the shift-share IV. First stage results are
shown in the table. We shall note that the F-test for joint signiÞcance of
the instruments ranges from 11 in the Þrst speciÞcation to 37. The Þrst
stage becomes even stronger if we, motivated by the functional form of the
diversity index, use the square of the instruments instead.53 The results
tell a clear story that strongly corroborate the conclusions we have drawn
from table 3.3. On the one hand, there is no signiÞcant e! ect of overall
ethnic diversity on local labour market outcomes. On the other hand, the
skills of the immigrant population interacts with its diversity in important
ways. In particular, there is a strong and robust positive e! ect of ethnic
diversity among the highly educated on native wages . Although there
is some evidence for a negative e! ect of ethnic diversity among the lesser
educated, this seems to operate mainly through an increase in the labour
supply of low skill workers, as indicated by the sharp drop of the estimate
as we move from columns 2 and 4 to column 5. We do not show results from
the corresponding Þrst stage in the later tables since point estimates are not
statistically di ! erent from those reported IV results, and the Þrst stages are
all strong.

In table 3.5 we split the sample of Canadian-born prime-age men into a
low- and a high-skilled group. For each of these two groups we estimate the
speciÞcation twice, once using the low-skilled and once using the high-skilled
diversity index. Thus, each cell in the table shows the point estimate from a
di! erent regression. Results from the baseline speciÞcation are shown in the

53 More speciÞcally, instead of using eighteen predicted share of country of birth, we
use eighteen sqaure terms of the predicted share.
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Table 3.4: IV Estimated E! ect Of Ethnic Diversity On Log Average
Weekly Labour Income Of Native Male Age 30-55

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

(6) in T3 (8) in T3 (9) in T3 (10) in T3 (11) in T3

OLS Results

Ethnic Diversity Index:

Full Working-Age Sample -0.143
(0.220)

-0.273 -0.651 -0.688
among Lesser Educated 0.211 (0.226) *** (0.703)

among Highly Educated 0.387 0.668 0.661
(0.197) * (0.194) *** (0.236) ***

IV Results

Ethnic Diversity Index:

Full Working-Age Sample -0.477
(0.295)

among Lesser Educated -0.521 -0.851 -0.374
(0.239) ** (0.224) *** (0.617)

among Highly Educated 0.392 0.718 0.879
(0.211) * (0.190) *** (0.209) ***

FIRST STAGE:

Predicted Ethnic Diversity Index:

Full Working-Age Sample
Partial R-sq (adjusted) 0.64
F(18, 32) adjusted for 33 clusters 11.00

among Lesser Educated
Partial R-sq (adjusted) 0.71 0.75 0.47
F(18, 32) adjusted for 33 clusters 37.57

among Highly Educated
Partial R-sq (adjusted) 0.56 0.55 0.61
F(18, 32) adjusted for 33 clusters 12.40

Share of the Foreign-Born No No No No Yes

Number of Obs.

TABLE 4 - IV ESTIMATED EFFECT OF ETHNIC DIVERSITY ON LOG AVERAGE WEEKLY 
LABOR INCOME OF NATIVE MALE, AGE 30 - 55

192

Log of Avg. Weeks Worked                                            
(Native Male Working-Age Sample)

Yes

NOTES: This table presents estimates from IV-regressions for selected regression specifications. All models include city- 
and time fixed effects and a quartic in the share of native highly educated. We use all immigrant-group specific supply-
push components as instruments for the diversity index. As a consequence, in addition to the controls there are as many 
instruments as immigrant groups. The F-statistic for the first-stage regression is above 11 in all specifications. All 
regressions are unweighted. *** Significant on 1%-level; ** Significant on 5%-level; * Significant on 10%-level. Standard 
errors are clustered by cma.

No No No No
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Table 3.5: Ethnic Diversity And Log-Average Weekly Labour Income Of
Native Male, Age 30-55: The E! ect Of Skilled And Unskilled Immigration

On Log-Average Wages Of Low- And High-Skilled Native Men

PANEL A: OLS

Ethnic Diversity Index:

among Lesser Educated -0.256 -0.269 -0.277 -0.280
(0.208) (0.220) (0.231) (0.234)

among Highly Educated 0.361 0.353 0.464 0.462
(0.219) (0.199) * (0.183) ** (0.182) **

PANEL B: IV

Ethnic Diversity Index:

among Lesser Educated -0.516 -0.513 -0.524 -0.511
(0.248) ** (0.239) ** (0.257) ** (0.257) *

among Highly Educated 0.435 0.420 0.289 0.286
(0.220) ** (0.214) ** (0.289) (0.250)

NO YES NO YES

Number of Obs.

DIVERSITY INDEX OVER 
PROVINCES, BY EDUCATION

197

NOTES: This table shows the estimated effect of ethnic diversity among low- and high-skill immigrants on average log-wages of low- 
and high-skill native men. Each cell is associated with a different regression. All regressions include city- and time fixed effects and a 
4th-order polynomial in the share of highly educated among natives. They are unweighted. *** Significant on 1%-level; ** Significant 
on 5%-level; * Significant on 10%-level. Standard errors are clustered by cma.

TABLE 5 - ETHNIC DIVERSITY AND LOG-AVERAGE WEEKLY LABOR INCOME OF NATIVE MALE, 
AGE 30-55: THE EFFECT OF SKILLED AND UNSKILLED IMMIGRATION ON LOG-AVERAGE WAGES 

OF LOW- AND HIGH-SKILLED NATIVE MEN

Low Education High Education
Education Sample of Native-Born Men

Þrst and the third columns of the table. In the second and fourth column we
add the diversity index calculated for the native population with respect to
the province of residence Þve years prior to the survey year. The underlying
idea for using these additional controls is that city-level shocks attracting a
diverse group of immigrants should also attract a diverse group of Canadians.
The results are consistent with our earlier Þndings. There is a strong positive
and robust e! ect of ethnic diversity among highly educated immigrants on
wages of native prime-aged men and some evidence of a negative e! ect of
ethnic diversity among low-skilled immigrants.

Of particular interest is the estimated positive spill over from diverse
high-skilled immigration on labour market outcomes of low-skilled native
men. This Þnding serves as a motivation for the investigation of the
underlying mechanisms in the next section. We shall also note that inclusion
of the diversity over the previous province of residence of Canadian-born
workers has a negligible e! ect on our estimates. This may be a reßection
of the empirical Þnding mentioned earlier that city-level labour supply of
natives is simply not sensitive to immigration.
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Table 3.6: Robustness Of The Diversity E! ect On Log Average Weekly
Labour Income, Native Male Age 30-55

Diversity 
Index from  

Full Sample                           
(Spec 6 in 
Table 3)

Diversity 
Index among 

Highly 
Educated                            
(Spec 9 in 
Table 3)

Diversity 
Index from  

Full Sample                           
(Spec 6 in 
Table 3)

Diversity 
Index among 

Highly 
Educated                            
(Spec 9 in 
Table 3)

(1) - Benchmark -0.143 0.387 -0.477 0.392
(0.220) (0.197) * (0.295) (0.211) *

(2) - Spec (1) plus diversity over provinces-0.136 0.391 -0.432 0.387
(0.228) (0.187) ** (0.291) (0.211) *

(3) - Spec (1) plus share of movers -0.060 0.403 -0.392 0.388
(0.234) (0.185) ** (0.300) (0.201) **

(4) - Spec's (2) and (3) combined -0.071 0.402 -0.380 0.389
(0.233) (0.184) ** (0.294) (0.203) *

(5) - Baseline plus linear city time-trends0.347 0.330 0.150 0.274
(0.169) ** (0.172) * (0.113) (0.205)

(6) - Spec's (4) and (5) combined 0.556 0.456 0.332 0.470
(0.199) *** (0.194) ** (0.142) ** (0.245) *

-0.116 0.534 -0.509 0.591
(0.278) (0.230) ** (0.370) (0.256) **

-0.134 0.446 -0.441 0.521
(0.285) (0.226) * (0.356) (0.257) **

(9) Exclude 1981 -0.038 0.494 -0.318 0.427
(0.250) (0.178) *** (0.365) (0.219) *

0.321 0.305 0.337 0.324
(0.067) *** (0.076) *** (0.059) *** (0.079) ***

NOTES:  This table explores the robustness of the ethnic-diversity effect on log average wages of native males, age 30-55, when using our 
preferred model specification as benchmark (columns 6 and 9 in Table 3). Each cell is associated with a different regression specification. We 
experiment with using the diversity index calculated over the provinces individuals lived in 5 years earlier and the share of inter-province 
movers as controls, with adding city-specific time trends, with excluding major urban areas or the Census data from 1981 from the sample, and 
with using province- instead of city fixed effects. All regressions are unweighted. *** Significant on 1%-level; ** Significant on 5%-level; * 
Significant on 10%-level. Standard errors are clustered by cma.

TABLE 6 - ROBUSTNESS OF THE DIVERSITY EFFECT ON LOG AVERAGE WEEKLY LABOR INCOME, NATIVE MALE AGE 30-55

OLS IV

(7) Spec 1 excluding Toronto, 
Montreal, Vancouver

(8) Spec 1 excluding Toronto, 
Montreal, Vancouver, Calgary

(10) Province FE instead of 
CMA FE

We conclude this section with a group of robustness checks, documented
in table 3.6 and performed using both OLS Þxed e! ects regression and IV
strategy. In the table, as in the rest of the paper, we focus on the e! ect of
the diversity index among highly educated immigrants for several reasons.
First, the results documented so far suggest this e! ect to be robust. Second,
it is not sensitive to the inclusion of the immigrant share as a separate
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control. This is important because - as argued above - the empirically well
founded assumption that local native labour supply is inelastic implies that
the variation of city level labour supply is driven by changes of the immigrant
share. It therefore becomes more plausible in this case to equate our point
estimate to a pure diversity e! ect that shifts labour demand. Third, a
large literature in urban economics and labour economics highlights the
importance of spillovers from the highly to the lowly educated labour force,
but not spillovers in the opposite direction. This provides a context within
which to interpret our results.

We consider the following robustness checks: adding the diversity index
of natives calculated with respect to their province of residence Þve years
prior to the survey together with the share of native movers into the city
in rows two to four to control for unobserved shocks that are likely to be
correlated with ethnic diversity; using city-speciÞc linear time trends in rows
Þve and six; excluding the major immigration hubs in Canada from the data
in rows seven and eight; excluding data from the 1981 sample since this is the
sample from which we compute the instrument; and aggregating the data to
the province- rather than the city level to address the concern of immigrant
sorting across cities within a province. The results can be summarize
concisely: Point estimates of the diversity index among the highly skilled
immigrants are surprisingly robust across speciÞcations and across empirical
strategies, with signiÞcant estimates in all but one speciÞcation and values
hovering around .4. We conclude that there is strong evidence of high-skilled
and diverse immigration to have positive e! ects on the native population.

3.4 Exploring the Mechanism at Work: Results
from Disaggregated Regressions

3.4.1 Why use Disaggregated Data?

The empirical result in Ottaviano and Peri [2006] for the US and our
Þndings for Canada as documented above point towards a strong relationship
between changes in ethnic diversity and changes in wages of native born
men. If one interprets these Þndings as convincing evidence in favour of
a causal link rather than a simple correlation - as we certainly do given
their robustness across speciÞcations and estimation methods - the crucial
question about the underlying mechanism remains unanswered. Indeed,
as Ottaviano and Peri [2006] note, this link is a black box that is poorly
understood. In this section, we argue that disaggregating the data further
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can be a useful approach to help understanding the empirical diversity-wage
relationship.

We investigate the importance of three mechanisms that have been
proposed in labour- and urban economics: Compensating wage di! erentials
which exist across cities if native-born men like or dislike ethnic diversity
and if labour is freely mobile; productivity spillovers whereby the skills of
a diverse population of immigrants complements the skills of natives; and a
general-equilibrium demand spillover operating by way of increasing demand
for goods and services that are provided by natives.

Whether the positive relationship between ethnic diversity and local
wages is reßecting compensating wage di! erentials can be tested if one
estimates reduced-form rent equations together with the wage regressions.
This is the approach taken by Ottaviano and Peri [2006]. We do not
follow this method for several reasons. First, it relies on rent data
that are not quality adjusted and that do not take housing prices into
account. Second, the cross-equation restrictions allowing for a test of
compensating wage di! erentials are model-speciÞc and rely on the strong
assumption that markets for rental units are not segregated. Third, we Þnd
disaggregating labour market data to a Þner level a powerful and ßexible
alternative approach to exploring the mechanisms at work. Furthermore,
our speciÞcations that allow the diversity e! ect to interact with education,
which is a type of disaggregation itself, are informative about the importance
of compensating wage di! erentials. Based on the evidence presented in
the previous section, we do not think this mechanism to be of Þrst-order
importance. It could only explain our results if lesser educated native
male derived disutility from high-skill immigration and utility from low-skill
immigration, a hypothesis that seems rather implausible.54

For these reasons, in the following we concentrate on investigating
the importance of the other two channels that are brought forward by
Ottaviano and Peri [2006] and Moretti [2012] respectively: productivity
spillovers and general-equilibrium demand spillovers. As discussed above,
we further restrict the analysis to the relationship between high-skill
immigrant-diversity and low-skill native labour market outcomes.55

54 A previous version of this chapter [ Sze, 2012] presents rent estimations using public
census data. It reveals a positive and signiÞcant impact of diversity index on rent.
Together with the wage regressions, the Þndings in the previous version speak to the
existence of productivity spillovers. Although rent results are not included in this chapter,
further investigation on rent results using master Þles of census can be explored in our
future work.

55 We shall note at this point that under fairly weak assumptions, the approach below
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To motivate the use of disaggregated data, we extent the simple
CES-production framework in equations (3.3) to ( 3.6). Suppose that
city-level labour supply is composed ofG groups indexed byg which are not
perfectly complementary and who o! er their labour serviceslgct inelastically.
Each group has its own productivity shockagct, and aggregate labor supply
in city c at time t is given by the CES aggregator

L ct =
) ! G

g=1
(agct ' lgct)

"
* 1

#

. (3.8)

We maintain the assumption that a homogenous and perfectly tradable good
is produced using

Yct = [ " c ' L !
ct + (1 " " c) ' K !

ct ]
1
" .56 (3.9)

Equating marginal products of lgct and K ct with their factor prices yields a
log-wage regression

log (wgct) = log
'

" c

1 " " c

(
+ log

#
rct ' K 1! !

ct

$
+ ( ' " * ) ' log (L ct)

+ * ' log(agct) + ( * " 1) ' log(lgct). (3.10)

It follows that the partial e ! ect of a group-speciÞc shock on the groupÕs
wage is given by

+ log (wgct)
+ log(agct)

= * (3.11)

while the e! ect that takes its e! ect on aggregate labor supply into account
is

d log (wgct)
d log(agct)

+
+
+
+
lgct ,K ct constant

= ( ' " * ) '
'

(agct ' lgct)
L ct

( "

+ * . (3.12)

Su" cient conditions for the former to be larger than the latter, i.e. for the
inequality

d log (wgct)
d log(agct)

+
+
+
+
lgct ,K ct constant

<
+ log (wgct)
+ log(agct)

, (3.13)

to hold, is that * > 0 and that ' < * . The second condition guarantees that

can be used to test for compensating wage di! erentials directly.
56 We abstract from a city-level labor augmenting productivity shock process to save

on notation without a ! ecting the validity of the arguments made in the following.
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the city-level demand curve for labor is downward sloping and requires that
the elasticity of substitution between di! erent groups of labor is larger than
the elasticity of substitution between capital and aggregate labor. As we
now show, inequality (3.13) has empirical content and can be used to test
the relevance of the two proposed mechanisms underlying the diversity-wage
relationship.

We use the workersÕ age as the characteristic deÞning the groupsg (
{ 1, ..., G} , for two reasons. First, holding the size of the total city-level
population constant, the age distribution is exogenous and between-group
wage di! erentials cannot be eliminated by worker ßows. Second, structural
estimates of' and * are readily available in this case from the literature on
changes in the aggregate wage structure. In particular, Þndings inCard and
Lemieux [2001] and Krusell et al. [2000] suggest our two conditions to be
plausible in this case. Most importantly, Card and Lemieux [2001] Þnd that
age groups are quite substitutable as labour inputs.

Assuming that the process of group-speciÞc productivity is given by

log(agct) = & ' divgct + uc + vt + wg + xct + zgct, (3.14)

where divgct is the index of ethnic diversity among the highly educated in
age-group g who lives in city c at time t, and noting that city- and time
Þxed e! ects uc and vt cannot be separately identiÞed from the city-time
Þxed e! ect xct , the log-wage regression (3.10) delivers the reduced form

log (wgct) = ! 1 ' divgct + ! 2 ' log (lgct) + wg + xct + zgct. (3.15)

The coe" cient ! 1 measures the strength of the productivity spillover from
the diversity among highly educated to the wages of low-skill native workers.
This e! ect works by changing the group-speciÞc productivity agct and,
conditional on xct , generates a partial wage e! ect of ! 1 ' # log(wgct )

# log(agct ) . In
contrast, the general equilibrium demand spillover, which changes labor
demand by a! ecting the local demand for certain goods and services, can be
thought of as a shock toxct . More speciÞcally,Moretti [2012] argues that an
increase of labor input in skill-intensive industries generates higher demand
for local goods and services that are not skill-intensive. In contrast to
productivity spillovers as modelled above, such a mechanism cannot support
across-group wage di! erentials since inter-industry and inter-occupation
ßows will eliminate them. In the reduced-form, a general equilibrium
demand spillover can thus be thought of as a relationship betweenxct and
(divgct)

G
g=1 . Hence, under the hypothesis of a general equilibrium demand

73



3.4. Exploring the Mechanism at Work: Results from Disaggregated Regressions

spillover, the ethnic diversity e! ect cannot be separately identiÞed from the
Þxed e! ect xct . The primary testable di! erence between the two proposed
mechanisms is therefore the change in the estimated diversity e! ect as one
moves from a disaggregated two-way Þxed e! ects model with city- and time
Þxed e! ects to regression model (3.15), which uses a city-time Þxed e! ect
instead. Under the hypothesis of a productivity spillover, the diversity e! ect
is predicted to (weakly) increase, whereas it is predicted to vanish under the
hypothesis of a demand spillover.

The result that the diversity e ! ect is separately identiÞed from a
city-level shock xct relies on two assumptions that are built into the model
above. First, di! erent age-groups need to be su" ciently substitutable in
production. Second, spillovers are stronger within than across age-groups.
We have imposed the most extreme assumption in which there is no spillover
across groups at all. However, the main implication is robust to an extension
of the model that allows for spillovers from groupg" to group g as long as it is
decreasing in|g" " g|. A natural interpretation of this second assumption is
to view age as a characteristic that deÞnes peer-groups of individuals which
are most likely to interact on the workplace. Productivity spillovers are
then created by way of interaction between highly skilled immigrants and
low-skilled native-born workers in a Þrm.57

3.4.2 Results

Results from the disaggregated regressions are presented in table3.7. To
increase precision, we match to any age groupg the diversity index computed
from a sample of highly skilled immigrants of ages [g " 5, g + 5]. We also
show corresponding results when groups are deÞned by occupation and
industry. In that case, our empirical strategy has bite only if in the
short-to medium run wage di! erential can be supported because of the
existence of frictions or speciÞc human capital. Since ethnic diversity may
be correlated with group-speciÞc shocks, we show results from OLS Þxed
e! ects regressions and from the corresponding disaggregated IV-regressions.
For comparison, we also show the results from the aggregated regression that
uses the same speciÞcation as those documented in table3.5 with additional

57 SeeMas and Moretti [2009] for evidence on spillover e! ect from highly productive
workers to less productive workers at workplace. Lazear [1999] models team interactions
and argues that complementarity between workers in terms of skills is beneÞcial to the
ÞrmÕs production. In addition, with a unique French survey data, Charlot and Duranton
[2004] empirically estimates the positive externality from communication in the workplace.
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Table 3.7: The E! ect Of Ethnic Diversity Among The Highly Educated
On Native Low-Skill Wages: IV Regressions On Disaggregated Outcomes

Ethnic Diversity among Highly Educated

OLS 0.599 0.534 0.321 0.450 0.133 0.188 0.192
(0.180) *** (0.132) *** (0.164) * (0.105) *** (0.139) (0.077) ** (0.081) **

IV 0.863 0.975 1.009 0.824 0.150 0.683 0.710
(0.201) *** (0.287) *** (0.337) *** (0.157) *** (0.263) (0.112) *** (0.116) ***

Fixed effects
City Yes Yes Yes Yes
Time Yes Yes Yes Yes
City-Time Yes Yes Yes

Number of Obs 197 2018

NOTES : This table explores the productivity-spillover mechanism of ethnic-diversity effect on log average wages of native males, 
age 30-55. Aggregated estimates using our preferred model specification is used as benchmark (columns 1 in Table 5). Each cell is 
associated with a different regression specification. Regressions using disaggregated sample are weighted to yield comparable 
estimates. *** Significant on 1%-level; ** Significant on 5%-level; * Significant on 10%-level. Standard errors are clustered by cma.

Baseline 
(CMA-YEAR)

TABLE 7 - THE EFFECT OF ETHNIC DIVERSITY AMONG THE HIGHLY EDUCATED ON NATIVE 
LOW-SKILL WAGES: IV REGRESSIONS ON DISAGGREGATED OUTCOMES

Level of Disaggregation

Age-City-Time Industry-City-Time Occupation-City-Time

1803 5122

supply controls.58 It is important to note that due to the non-linearity of the
diversity index, parameter estimates from the disaggregated regression with
only city and time e! ects are not identical to the corresponding regression
from the aggregated data, even if cells are weighted properly. To make
results comparable, we have experimented with a large set of non-linear
weights and use the ones that produces results closest to the aggregated
speciÞcations. As can be seen from the table, disaggregation while holding
the regression speciÞcation constant tends to yield smaller point estimates.
However, with few exceptions they are included within the conÞdence bands
of the original point estimates.

More importantly, replacing city and time Þxed e! ects by city-time
Þxed e! ects yields larger point estimates when groups are deÞned by age
or occupation, but smaller point estimates when using industry instead. In
most cases, they remain within the conÞdence intervals of the estimates from
the more restrictive speciÞcation. The result that estimates do not fail to be
highly signiÞcant when using data that are disaggregated to the age-group
level within each city and each Census year and when using city-time Þxed
e! ects is particularly noteworthy. After all, it is age groups for which the

58 OLS and IV estimates should be compared to estimates in the second and fourth line
of column (1) of table 3.5.
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assumption of inelastic labour supply is most realistic. Hence, productivity
spillovers that take place on the age-group level should not be wiped out
on the city-level. In contrast, demand spillovers should a! ect wages of all
groups symmetrically so that it will be absorbed by city-time Þxed e! ects.
We interpret the Þnding that the diversity-wage relationship does not vanish
in the presence of city-time Þxed e! ects as strong evidence in favour of
productivity spillovers from a diverse population of highly skilled immigrants
to lesser educated natives.

The hypotheses of productivity spillover and demand spillover are
not mutually exclusive. In fact, a productivity spillover will increase
aggregate income and may increase demand for certain locally supplied
goods, services and tasks by way of an income e! ect. This mechanism has
been highlighted in a book length treatment by Moretti [2012]. Therefore,
we estimate a city-time level regressions of industry- or occupation speciÞc
employment shares on the diversity index computed from the sample of
highly educated immigrants. Table 3.8 shows results for regressions that
are estimated separately for nine one-digit industries and ten one-digit
occupations. Estimates are insigniÞcant for most industries and occupations,
no matter if we use OLS- or IV-regressions. However, there is evidence of a
reallocation into construction industries and government service industries,
mostly on the expense of manufacturing. Interestingly, the results from the
occupation-share regressions are consistent with these Þndings. An increase
of ethnic diversity among the highly skilled immigrants is strongly associated
with an increase in employment shares of occupations that are associated
with construction. There has also been a reallocation of native low-skilled
labour into occupations that involve legislative or managerial tasks. The
latter result is consistent with th Þndings in Peri and Sparber [2009] that
immigration causes a reallocation of native labour towards occupations in
which communication- and language skills are important.

Taken together, we interpret these results as favouring a productivity
spillover hypothesis. At the same time, there is some evidence that an
increase in ethnic diversity causes an increase in demand for goods and
services provided by the local construction industries, possibly by way of a
demand spillover.

3.5 Conclusion

Immigration has always been a controversial policy issue due to its wide
impact on many aspects of the hosting country. Despite the large body
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onclusion

Table 3.8: Ethnic Diversity Among Highly Educated And Employment Patterns Of Native Born Men

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Agriculture, 

Resource 
Extraction

Manufacturing Construction Transportation
Retail, Finance, 

Insurance
Government 

Services
Education

Health and 
Social Services

Accomodation, 
Food, other 

Services

Ethnic Diversity Index among Highly Educated

OLS 0.087 -0.162 0.122 0.054 0.022 0.123 0.011 -0.024 -0.014
(0.155) (0.129) (0.055) ** (0.064) (0.052) (0.119) (0.013) (0.015) (0.038)

IV 0.095 -0.095 0.157 0.034 -0.010 0.228 0.013 -0.021 0.006
(0.187) (0.224) (0.082) * (0.090) (0.068) (0.118) * (0.017) (0.019) (0.060)

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

Legislators, 
Managers

Accountants, 
Clerical

Scientists and 
Related

Health Care
Law, Teachers, 

Professors
Journalists, 
Arts, Sports

Service

Contractors, 
Electricians, 
Mechanics, 
Laborers

Farming and 
Resource 

Extraction

Manufacturing 
Occupations

Ethnic Diversity Index among Highly Educated

OLS 0.069 -0.077 0.035 -0.003 0.013 0.011 -0.056 0.160 0.046 -0.031
(0.030) ** (0.036) ** (0.038) (0.006) (0.006) * (0.016) (0.062) (0.049) *** (0.063) (0.055)

IV 0.039 -0.059 0.010 -0.004 0.010 0.029 -0.070 0.170 0.024 0.004
(0.053) (0.050) (0.043) (0.007) (0.008) (0.020) (0.072) (0.054) *** (0.060) (0.085)

NOTES:  This table explores the demand-spillover mechanism of ethnic-diversity effect on employment share of native males, age 30-55. Ethnic diversity index is defined on the city-time level. Employment share is defined for each industry or each 
occupation. Each cell is associated with a different regression specification. Each regression controls for city- and time-fixed effect, together with the immigrant share on the city-time level. *** Significant on 1%-level; ** Significant on 5%-level; * 
Significant on 10%-level. Standard errors are clustered by cma.                  

TABLE 8 - ETHNIC DIVERSITY AMONG HIGHLY EDUCATED AND EMPLOYMENT PATTERNS OF NATIVE BORN MEN

PANEL A: EMPLOYMENT SHARES BY INDUSTRY  AS OUTCOME

PANEL B: EMPLOYMENT SHARES BY OCCUPATION  AS OUTCOME
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3.5. Conclusion

of literature, there is still no consensus on the impact of immigration on
the labour market outcomes of native workers. A deÞning feature of this
literature is to view immigrants as a homogeneous group once one conditions
on education. In this chapter we argue that such an approach may ignore the
potential beneÞts or costs of immigration that arise because of its e! ect on
the diversity of the local workforce. Building on work by Ottaviano and Peri
[2005, 2006], we therefore estimate the relationship between ethnic diversity
and wages of native-born prime-age male workers in local labor markets.
A novel feature of this study is the focus on the interaction between the
diversity and the skill-content of immigration in generating spillovers to the
local population. We rely on administrative Census data from Canada,
where the immigration system generates su" cient variation in educational
attainment among immigrants to identify such an interaction. We also
derive a new and simple test that allows us to investigate the importance of
productivity spillovers and demand spillovers that arise from an ethnically
diverse immigrant population and that relies on disaggregated data.

We Þnd no evidence for a relationship between changes in ethnic diversity
and changes in native wages on the city level. However, once we use the
diversity for highly- and less-educated immigrants as separate regressors,
we Þnd a very robust and strong positive impact of the former on the wages
of the low-skilled native population. This relationship becomes stronger once
we disaggregate the data further to the age level and include city-time Þxed
e! ects instead. We interpret this as evidence in favour of a productivity
spillover that works within narrowly deÞned groups that are most likely
to interact on the workplace. At the same time we also document some
evidence for a reallocation of native labor towards the construction sector
in response to highly skilled and highly diverse immigration.

This study is among the Þrst that highlights the importance of the
interaction between the skill and the diversity of immigration on the
well-being of the local native population. The Þndings suggest that an
immigrant selection policy that is biased towards high-skill immigration
while at the same time attracting applicants from a diverse set of countries
may have signiÞcant beneÞts for the native population.
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Chapter 4

Assessing the Impact of
Immigration on Wages

4.1 Introduction

As a major immigrant receiving country with immigrants constituting 20%
of its total population, Canada has undergone substantial changes in its
immigration policy over time [ Green and Green, 2004]. The point-based
selection system put more and more focus on selecting those who are
educated and experienced, hoping they can succeed and contribute to the
Canadian labour market. Considering the sheer magnitude of the immigrant
population and the labour market focus of the selection policy, it is surprising
that there is a lack of evidence on the impact of immigration on some key
aspects of the labour market in the Canadian context.59 The goal of this
chapter is to Þll the gap and systematically assess the impact of immigration
on wages in Canada.

Abundant studies estimate the impact of immigration on wages in the
United States, but no consensus was reached (Borjas [2003]; Card [2001];
Ottaviano and Peri [2012], and seeLonghi et al. [2005] for a review). Two
factors make this task challenging.

The Þrst challenge is to properly deÞne the local labour market, or the
unit of the analysis. Borjas [2003] argues that analysis should be carried
out on the national level and that labour markets should be deÞned by
education-experience combinations. However, such a deÞnition of a labour
market is problematic when the skills of immigrants are under-utilized
[Reitz, 2001; Wald and Fang, 2008]. In other words, immigrants do not
necessarily compete with natives with the same education and experience
level. Therefore, this chapter takes a similar approach toCard [2001] and
deÞnes local labour markets on census metropolitan areas (CMA) that are
further stratiÞed along occupation lines.

59 Aydemir and Borjas [2007, 2011] provides some Canadian evidence in a cross-country
comparison.
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The second challenge is due to the endogenous location choice of
immigrants. Higher wages and better employment opportunities attract
immigrants to booming cities or occupations with a promising future, which
creates an endogenous relationship between wage and immigrant share. This
chapter deals with the endogeneity by using an instrumental variable (IV)
strategy. Because new immigrants tend to go to places where their families
and friends are, this IV uses the historical distribution of immigrant share
of a source country to allocate new waves of immigrants from that speciÞc
country.

This chapter employs a nested-CES framework to formally derive the
empirical speciÞcation. Within this framework, inßows of new immigrants
a! ect the wage structure in a city by changing the relative fraction of
the population in di ! erent occupation groups. An inßow of immigrants
into one occupation would put downward pressure on wages for workers
in that occupation. The extent of such negative impact depends on the
substitutability between di ! erent groups. Therefore, the estimates of the
impact reßect the degree of substitution between immigrants and di! erent
groups of workers. More speciÞcally, this chapter focuses on four groups:
male native workers, female native workers, male established immigrants,
and female established immigrants. Among these four groups, empirical
results show that male established immigrants face the highest level of
competition from inßows of new immigrants, and experience the largest
downward pressure on wages.

The rest of this chapter is organized in the following way. Section4.2
summarizes the existing studies that estimate the impact of immigration
on labour market outcomes. Section4.3 introduces a CES framework and
derives the empirical speciÞcation. It also discusses the endogeneity of the
empirical method and the construction and validity of the IV. Section 4.4
describes the data that is used for the estimation and discusses issues in
implementation. Section 4.5 presents the empirical results. Section4.6
concludes.

4.2 Literature Review

In the literature, there are two approaches to study the impact of
immigration on the labour market outcomes. The Þrst approach can
be referred to as natural experiments approach. This approach exploits
exogenous shocks of immigrant inßows to the receiving labour market.Card
[1990] estimates the impact of Cuban Mariel Boatlift immigrants on the
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labour market of Miami. He Þnds that the large inßux of Cuban immigrants
to the Miami labour market does not have any signiÞcant negative impact
on the employment opportunities or wages of the less-skilled native workers.
Friedberg [2001] exploits the large inßow of immigrants from the Soviet
Union after emigration restrictions were lifted and also Þnds no adverse
impact of immigration on native workers. This type of research design
relies on an exogenous immigrant shock, which does not happen often and
is usually historically and locally unique. Therefore, this approach lacks
external validity. A consistent and accurate estimate on a particular city
might not yield useful insights for immigration policy at the national level.

The other approach is more closely related to the theoretical
micro-foundations. Standard economic theory predicts that a large inßow
of immigrant population would increase labour supply and therefore drive
down average wages. The relative degree of substitution between immigrants
and natives a! ects the extent of the downward pressure. Therefore, the key
question this approach asks is Òwhich groups compete with which groupÓ.

Within this approach, there are two common ways of deÞning the labour
market among studies that focus on the United States. The Þrst way
deÞnes labour markets by geographical regions.Butcher and Card [1991]
study 24 major cities in the United States and Þnd little negative impact
of immigration on wages during the 1970s and 1980s. Also focusing on the
United States, LaLonde and Topel [1991] exploit changes in immigrant share
within a city from 1970 to 1980, and Þnd no signiÞcant negative impact on
the earnings of native workers. The lack of signiÞcant negative impact raised
criticism of this way of deÞning labour markets, as it ignores the possibility
that natives would move across cities to mitigate the downward pressure
by immigration. Alternatively, Borjas [2003] suggests deÞning the labour
market at the national level. He assumes immigrants compete with natives
with similar education levels and work experience, and Þnds that immigrants
lower the wages of less-educated native workers. To address this criticism,
Card and Dinardo [2000] and Card [2001] formally test the hypothesis that
immigrant inßows drive out natives. They Þnd that the intercity mobility
rate of natives and earlier immigrants are not sensitive to the new immigrant
inßows. Peri and Sparber[2010] use a microsimulation methodology and also
Þnd no existence of the native displacement e! ect. Therefore, they argue
that cross-region analyses are still informative.

Peri and Sparber [2009] attribute the lack of negative impact of
immigration in the United States to the fact that immigrants and natives
are not perfect substitutes. Immigrants and natives possess di! erent skills
and thus specialize in di! erent occupations. As immigrants choose to work
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in manual-intensive occupations, native workers pursue jobs that are more
intensive in language and communication tasks. Similarly,Ottaviano and
Peri [2012] adopts a nested-CES model and formally estimates the degree of
substitution between di! erent population groups. Their estimates suggest
that in the United States, immigrants and natives are imperfect substitutes.
Therefore, immigrants have a small impact on the wages of native workers.

Aydemir and Borjas [2011] proposed another possible explanation for
the insigniÞcant impact. They compare estimates obtained from Canadian
and United States census data, using both public use Þles and conÞdential
Þles, and conclude that sampling error is likely to create attenuation bias,
which contributes to the lack of signiÞcant estimates.

Building upon the previous literature, this study takes the cross-region
research design and minimizes the concern of sampling error by using the
conÞdential census of Canada.

4.3 Empirical Model

4.3.1 Theoretical Framework and Empirical SpeciÞcation

A useful way of analyzing the impact of changes in the relative fraction of the
population on the wage structure is by considering a nested-CES production
function at the city level. Assume that output in city c (Yc) is produced with
the following production function:

Yc = F (K c, L c)

where K c represents a vector of non-labour inputs such as capital andL c

represents the labour input, which is an aggregation of labour quantityL jc

from di! erent occupationsj = 1 , ...J :

L c =

,

-
!

j

(%jc L jc )
$ ! 1

$

.

/

$
$ ! 1

With the simplifying assumption that everybody supplies the same amount
of labour, L jc represents the number of individuals employed in occupation
j and city c. The variables %jc represent the productivity shock that is city-
and occupation-speciÞc., is the elasticity of substitution between di! erent
occupations.

Let wjc represent the average wage of occupationj in city c, and let pc
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represent the price of the output from city c. The Þrst order condition that
equates the wage with the marginal product of an occupation group yields
the following expression:

logwjc = log
)
qcFL (K c, L c)L

1
$ ! 1
c

*
+ log %jc "

1
,

logL jc (4.1)

The Þrst term of Equation (4.1) can be represented byAc, which is a
city-speciÞc component that is common for all occupation groups. The last
term log L jc can be further broken down by assumingL jc is an aggregation
of immigrants and natives in the following way:

L jc =
)
&N

%! 1
%

jc + (1 " &)I
%! 1

%
jc

* %
%! 1

where Njc is the total number of natives employed in occupationj in city
c, and I jc is the total number immigrants employed in occupation j in city
c. - is the elasticity of substitution between natives and immigrants. By
rewriting I jc = ( Njc + I jc ) ) I jc

N jc + I jc
and let Popjc = Njc + I jc , Equation

(4.1) can be expressed as

logwjc = Ac + log %jc "
1
,

-
- " 1

log f (
I jc

Njc + I jc
) " logPopjc (4.2)

where f (x) = &(1 " x)
%! 1

% + (1 " &)x
%! 1

% .
Equation (4.2) is used as the base for the empirical speciÞcation. It shows

that wages are determined by a common city-speciÞc factor, an occupation
and city-speciÞc productivity component, the size of the occupation-city
cell, and the share of immigrants in the occupation-city cell. The downward
pressure on wages imposed by immigration would depend on- , which is
the level of substitution between immigrants and natives. Following Card
[2001], the productivity component can be decomposed as:

log%jc = %j + %c + %"
jc

where %j is a common occupation factor,%c is a common city e! ect, and
%"

jc is an occupation and city-speciÞc productivity term. Thus, an empirical
speciÞcation can be derived from Equation (4.2):

logwjc = ! 0 + ! 1 log
I jc

Njc + I jc
+ log Popjc + "c + " j + #jc
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where "c and " j are occupation- and city-Þxed e! ects, and #jc is an
unobserved error term.

With multiple years of observations for each city, a Þrst-di! erence
model can be applied to control for city-occupation-speciÞc time-invariant
unobservables. Thus, this chapter estimates the following equation:

# logwjct = ! 0 + ! 1# log
I jct

Njct + I jct
+ " c + " j + " t + #jct (4.3)

where # denotes the Þrst-di! erence operator.

4.3.2 Instrumental Variable: Construction and Validity

Even with the Þrst-di ! erence, the estimation of! 1 in Equation ( 4.3) using
Ordinary Least Square (OLS) model could be biased due to several reasons.
On the one hand, employers in immigrant gateway cities might be able to
expect a large inßow of immigrants, and therefore, adjust the product mix
or alter the occupation composition to mitigate the impact of the increased
immigrant share on wage structure. If this was the case, the magnitude
of the estimated ! 1 would be smaller than the true e! ect. On the other
hand, better employment opportunity and higher wages are among the most
important reasons for people to migrate to a di! erent country. Cities or
occupations with higher wages would attract more immigrants, which leads
to an over-estimate of ! 1.

To obtain unbiased estimates, Card [2001] proposes an instrumental
variable (IV) strategy that uses historical settlement patterns to allocate
newly arrived immigrants from di ! erent source countries. To be more
speciÞc, the IV is constructed in the following way:

0I jct =
!

g

I c,1981,g"
i I c,1981,g

I jt,g =
!

g

$c,1981,gI jt,g

where I c,1981,g is the number of all the immigrants from source country g
in the year 1981 and city c;60 I jt,g is the national number of immigrants
from source country g in year t that is employed in occupation j . Note that
$c,1981,g = I c, 1981 ,g!

i I c, 1981 ,g
refers to the whole city cÕs share of immigrants from

source country g in 1981, instead of a particular occupation in city c. This
is because immigrants choose their destination city based on where their

60 An earlier census year would work better for the validity of the IV. Due to data
liminations, year 1981 is the earliest census that provides comparable city and occupation
deÞnition.
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families or friends are.61 Although it is possible that immigrants choose
to work in the same industry or occupation as other people in the enclave,
the strength of this type of tie might be weaker for highly educated workers.
Therefore, the IV construction in this chapter does not exploit the pull-factor
that operates within occupations. The IV speciÞcation is:

# logwjct = ! 0 + ! 1# log
0I jct

Njct + 0I jct
+ " c + " j + " t + #jct (4.4)

For the IV to be valid, the predicted number of immigrants must be
uncorrelated with the city- and occupation-speciÞc productivity shock but
correlated with the immigrant share. The exclusion restriction requires:

!

g

$c,1981,gI jt,g %%#jct

This condition is satisÞed by the construction of IV. To see this, note that the
Þrst part of the predicted number of immigrants, $c,1981,g, is uncorrelated
with productivity shocks in the current year because it is obtained from
historical data. Current yearsÕ economic conditions are unlikely to a! ect
the location choice of immigrants that arrived in Canada before 1981. One
concern is that there are unobservable factors that attract more immigrants
historically, and such factors persistent until current years. This concern
is mitigated by the Þrst di! erence model, together with controls for city-,
occupation-, and time- Þxed e! ects.

The second part of the predicted number of immigrants, I jt,g , is
uncorrelated with city-speciÞc productivity shock because the national
inßow of immigrants is a! ected mostly by factors that are not on the
local level. For example, national immigration policy change can shift the
composition of immigrant inßow. Political and economic conditions in the
source country also play a role in the immigration composition change.62

4.4 Data Summary and Implementation Issue

Aydemir and Borjas [2011] argue that sampling error would result in
attenuation bias. To alleviate this concern, this chapter uses the 1981, 1991,

61 Nearly 60% of newcomers to Canada identify their tie to families or friends as the
primary reason for choosing their destination, and about 70% of new immigrants already
had a network of families or friends in the area where they choose to reside [Chui , 2003].

62 See Chapter 2 for a more detailed discussion.
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1996, 2001 and 2006 master Þles of Census of Canada. The master Þles
represent 20% of the Canadian population. The sample used in this chapter
is restricted to males and females between the ages of 16 and 65.63

4.4.1 City DeÞnition: Census Metropolitan Areas

Other than the large sample size, one important advantage of using census
master Þles is that they provide several candidates for the appropriate
geographic deÞnition. The meaning of ÒappropriateÓ is threefold. First, each
geographic region can be considered as a local labour market so that labour
supply and economic activities are carried out within the region. Second,
there should be considerable variations of the immigrant share. Third, the
number of geographic regions should be large enough for statistical power.
Takingthese factors into account, this chapter uses Census metropolitan area
(CMA) and Census agglomeration (CA) to deÞne citiesc in the theoretical
model.64 In 2006, there are 33 CMAs and 111 CAs. To further mitigate
the concern about sampling errors, this chapter groups CAs that fall into
the same economic region together.65 This criterion leaves a total of 89
geographic regions that are referred to as CMAs henceforth.66

Table 4.1 presents summary statistics of the sample. It compares the
characteristics between all the working age adult in Canada and those
who reside in CMAs. People reside in CMAs are more likely to be visible
minorities, better educated, and have higher wages than average Canadian.

This table also compares the characteristics between natives, new
immigrants, and more established immigrants. In 2006, about 26% of adults
in Canada who lives in CMAs were born abroad. Among them, 30% arrived

63 This chapter uses the full sample in the 1981 census to construct the IV because it
better captures the pull-factor of the ethnic enclave.

64 Statistics Canada deÞnes a CMA or a CA as an Òarea consisting of one or more
neighbouring municipalities situated around a coreÓ. A CMA must have a total population
of at least 100,000 of which 50,000 or more live in the core. A CA must have a core
population of at least 10,000. The deÞnition takes into account the commute to work, and
therefore, is a natural candidate for local labour market.

65 Economic regions are standard units created in response to the requirement for a
geographical unit suitable for the presentation and analysis of regional economic activity.
Economic regions may be economic, administrative or development regions.

66 In some cases, after taking out the core CMA, the rest of CAs might not be
geographically attached. For example, Chilliwack and Squamish are in the same CMA
according to my deÞnition because they are in the same economic region ÒLower
MainlandÐSouthwestÓ, but they are not connected, since in between, there are two large
Statistics Canada CMA ÒAbbotsfordÓ and ÒVancouverÓ. All the analysis report results
with and without the aggregated CMAs.See Appendix Table C.1 for the list of CMAs and
the details of the aggregation of CAs.
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Table 4.1: Characteristics of Natives and Immigrants

In CMAs
Immigrants Immigrants

All Canada CMAs In 33 CMAs Natives Pre 1996 1997-2006

Weighted count 21,198,302 17,289,306 14 561,113 12,836,844 3,105,380 1,347,082
Immigrants 0.220 0.258 0.292
New immigrants 0.065 0.078 0.090
Visible Minority

Chinese, Korean, Japanese 0.046 0.055 0.064 0.014 0.156 0.221
South and Southeast Asian 0.060 0.073 0.085 0.014 0.216 0.306
Black 0.023 0.028 0.032 0.011 0.076 0.077
Aboriginal 0.034 0.023 0.018 0.031 0.001 0.001
Other visible minorities 0.029 0.035 0.041 0.006 0.105 0.156
Not visible minority 0.808 0.786 0.760 0.925 0.447 0.240

Education
Less than high school 0.189 0.168 0.159 0.172 0.164 0.138
High school 0.268 0.268 0.265 0.280 0.247 0.211
Trades 0.112 0.103 0.096 0.110 0.098 0.048
Some college 0.234 0.239 0.239 0.242 0.248 0.190
Bachelor 0.130 0.144 0.155 0.134 0.147 0.231
Above bachelor 0.069 0.078 0.085 0.063 0.096 0.182

Years of schooling 13.7 13.9 14.0 13.8 13.9 15.1
Potential experience 22.0 21.5 21.2 20.9 26.3 15.7
Average age 40.3 40.0 39.8 39.1 45.5 35.7
Labor market outcomes

Worked in 2005 0.810 0.814 0.816 0.830 0.793 0.717
Average weekly wage 916.4 938.2 954.1 947.3 970.2 738.2
Averrage weeks worked 42.2 42.6 42.7 42.8 43.9 37.1

Distribution of workers
By weekly wage

< $500 0.273 0.262 0.255 0.252 0.245 0.43
$500-$800 0.291 0.289 0.289 0.286 0.300 0.291
$800-$1100 0.192 0.196 0.197 0.202 0.194 0.129
> $1100 0.244 0.254 0.260 0.261 0.261 0.149

By location
Toronto, Montreal, Vancouver 0.347 0.425 0.505 0.337 0.659 0.727

Source: Census of Canada, 2006
Note: Summary statistics are obtained from individuals between age 16 and 65. New immigrants are
those who arrived Canada between 1997 and 2006.
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less than 10 years ago and are referred to as Ònew immigrantsÓ in this
chapter. Those who landed more than 10 years ago are referred to as
Òestablished immigrantsÓ hereafter. The majority of immigrants are also
visible minorities. A much higher proportion of new immigrants come from
Asian countries than established immigrants.

Compared to new immigrants, established immigrants are more similar
to natives in many aspects. In terms of education level, 24.3% established
immigrants and 19.7% natives have bachelor or above bachelor education.
The di! erence could partly due to the age di! erence between these two
groups. However, even though new immigrants are on average 3.4 years
younger than natives and 9.8 years younger than established immigrants,
over 40% of new immigrants hold a bachelor degree or higher education.
Natives and established immigrants are also similar in terms of labour
market outcomes. 83.0% of natives and 79.3% of established immigrants
worked in the year prior to the census, compare to only 71.7% of new
immigrants. Also, both natives and established immigrants worked more
weeks than new immigrants. Despite the higher level of education, the
average weekly wage for new immigrants is about 23% lower than the that
for natives and established immigrants. The similarity between established
immigrants and natives reßects the ÒassimilationÓ of immigrants as they stay
longer in Canada [Grant , 1999; Frenette and Morissette, 2005]. Although the
summary statistics shows many similarities between established immigrants
and natives, whether they are similar in terms of the substitutability with
new immigrants in the labour market is not clear. Estimation of Equation
(4.4) in the later sections would yield some insights on this aspect.

4.4.2 Occupation Groups

One important issue in estimating the impact of immigration on wages is
to deÞne the labour market correctly. In another word, it is important
to decide which groups of workers are perfect substitutes.Borjas [2003]
assumes individuals with similar education and experience levels are
perfect substitutes, and therefore, compete with each other on the labour
market. However, Ottaviano and Peri [2012] provides evidence for a small
but signiÞcant degree of imperfect substitutability between natives and
immigrants within education and experience groups. Also, as noted in the
introduction, due to the skill under-utilization [ Reitz, 2001; Wald and Fang,
2008] and the lower return to foreign education and foreign experience [Ferrer
and Riddell, 2008; Green and Worswick, 2010], immigrants and natives in
Canada that hold the same degree with similar experience might not be
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competing in the same labour market. Therefore, this chapter does not take
the Ònational labour marketÓ approach proposed byBorjas [2003]. Instead,
with the theoretical framework as a guideline, this chapter stratiÞes the local
labour market along the occupation lines.

Table 4.2 describes the ten occupation groups used in this chapter and
summarizes the characteristics of individuals in each of the ten occupation
groups. The categorization follows Statistics Canada 1991 Standard
Occupational ClassiÞcation (SOC), they are (A) management occupations;
(B) business, Þnance and administrative occupations; (C) natural and
applied sciences and related occupations; (D) health occupations; (E)
occupations in social science, education, government service and religion;
(F) occupations in art, culture, recreation and sport; (G) sales and service
occupations; (H) trades, transport and equipment operators and related
occupations; (I) occupations unique to primary industry; (J) occupations
unique to processing, manufacturing and utilities. Such categorization does
not result in evenly distributed groups (i.e., each group represent an equal
share of the population), but it is a natural way of stratifying the local
labour market.

An important component of the immigrant selection policy is based on
this same occupation categorization. Despite constant adjustments and
minor discrepancies, generally speaking, to immigrate as a skilled worker,
one must have work experience in occupation group A, B, or C. Such
requirement can be relaxed if one has a valid o! er of arranged employment or
hold an advanced degree in Canada. Citizenship and Immigration Canada
change rules to account for the changing demand on the labour market. Such
change results in endogenous relationship between the immigrant share and
labour market outcomes across occupation groups. This type of endogeneity
is controlled by occupation Þxed e! ect. In addition, this chapter performs
a robustness check that only focuses on occupation groups that are of lower
skills and are not the target of the immigration policy.

Among the ten groups, occupation G, H, I and J have lower average
education than the other six groups. Among the four, occupation J
(occupations unique to processing, manufacturing and utilities) has the
highest level of immigrant share. Occupation G (sales and service
occupations) also has high immigrant share, and immigrants in this
occupation group have lived in Canada for 4.2 years longer than immigrants
in occupation J. Occupation E (occupations in social science, education,
government service and religion) has the highest education level and
the lowest immigrant share among the six highly-educated occupations
(occupation A, B, C, D, E, F). The occupation that has the highest new
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Table 4.2: Characteristics of Occupation Groups

Occupation Group
A B C D E F G H I J

Female share 0.377 0.724 0.222 0.813 0.653 0.561 0.601 0.074 0.232 0.312
Less than high school 0.082 0.082 0.028 0.031 0.027 0.101 0.244 0.243 0.396 0.280
High school 0.240 0.317 0.122 0.079 0.07 0.229 0.345 0.267 0.303 0.346
Trades 0.083 0.079 0.066 0.108 0.023 0.050 0.106 0.278 0.112 0.156
Some college 0.268 0.317 0.346 0.446 0.180 0.293 0.216 0.176 0.139 0.157
Bachelor 0.209 0.15 0.292 0.178 0.394 0.224 0.069 0.026 0.038 0.044
Above bachelor 0.119 0.054 0.146 0.159 0.305 0.103 0.020 0.010 0.011 0.017
Years of schooling 14.7 14.2 15.7 15.4 16.8 14.8 13.0 12.6 12.2 12.6
Immigrant share 0.213 0.201 0.290 0.214 0.169 0.172 0.197 0.170 0.090 0.302
New smmigrant share 0.045 0.051 0.107 0.052 0.045 0.045 0.064 0.041 0.025 0.097
Year since migration 22.9 20.8 17.1 20.4 21.9 20.9 17.6 21.0 20.4 16.8
Mean weekly wage 1423.3 815.1 1168.9 966.5 1039.5 818.7 648.5 879.5 816.3 787.1

Source: Census of Canada, 2006
Note: Summary statistics are obtained from individuals between age 16 and 65. New immigrants are
those who arrived Canada between 1997 and 2006.
Occupation group detail:
A - Management occupations
B - Business, Þnance and administrative occupations
C - Natural and applied sciences and related occupations
D - Health occupations
E - Occupations in social science, education, government service and religion
F - Occupations in art, culture, recreation and sport
G - Sales and service occupations
H - Trades, transport and equipment operators and related occupations
I - Occupations unique to primary industry
J - Occupations unique to processing, manufacturing and utilities90
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immigrant share is occupation C (natural and applied sciences and related
occupations).

4.4.3 Degree of Competition

Table 4.3 shows the occupation distributions for various education groups
of natives, established immigrants, and new immigrants. The occupation
distribution between established immigrants and natives are similar, except
for more natives are employed in occupations unique to primary industries
such as agriculture and forestry. Among highly educated people, established
immigrants are more likely to be employed in natural and applied sciences
and related occupations, whereas natives are more likely to be employed in
occupations in social science, education, government service and religion.

With the assumption that local labour markets are stratiÞed by
occupation, a simple metric proposed by Card [2001] can be applied
to assess the degree of competition between groups: two groups with
similar occupation distribution are competitors, whereas two groups with
di! erent distributions are not in direct competition. The index of
competition between new immigrants and the various subgroups of natives
and established immigrants is constructed in the following way:

I k,I =
!

j

f k
j f I

j

f j

I k,I represents the index of competition between groupk and group I , where
I in this chapter refers to all new immigrants and k refers to subgroups of
natives and established immigrants.f k

j denotes the fractions of subgroupk
employed in occupation j , and f I

j denotes the fraction of new immigrants
employed in occupationj . f j denotes the fraction of the overall population
employed in occupation j . If either group k or group I has the same
occupation distribution as the overall population, the index I k,I equals one.
If the two groups works in completely di! erent occupations (whenf k

j > 0,
f I

j = 0, or vice versa), then the index takes value zero. If the two groups
have similar occupation distributions, and if they are concentrated in only
a subset of occupation groups, the index can take value that is greater than
one. In another word, this simple index reveals a higher level of competition
between two groups when the value is bigger.

The last column of Table 4.3 presents the index of competition between
various subgroups and new immigrants. Compared to the similar index of
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Table 4.3: Occupation Distributions of Natives, Established Immigrants, and New Immigrants

Occupation Group Index of
A B C D E F G H I J Competition

Natives
All 9.2 17.8 5.6 5.4 7.9 3.2 25.7 15.1 4.6 5.6 0.98
Less than high school 4.6 9.2 1.1 1.1 1.4 2.0 38.7 22.1 10.7 9.2 0.97
High school 8.5 21.7 2.9 1.6 2.1 2.8 33.2 14.8 5.1 7.3 0.99
Trades 6.5 12.1 3.6 4.8 1.5 1.3 22.4 35.4 4.3 8.2 0.95
Some college 10.1 23.0 8.9 10.2 5.9 3.8 22.0 10.2 2.5 3.4 1.01
Bachelors 14.8 18.7 11.8 7.3 25.8 5.5 11.8 2.0 1.3 1.0 0.99
Above bachelor 16.7 12.3 8.7 12.5 37.8 4.7 5.1 1.1 0.7 0.5 0.93

Established immigrants
All 10.9 18.4 8.0 6.1 6.5 2.7 23.6 13.0 1.8 9.1 1.05
Less than high school 6.2 8.1 0.9 1.0 0.6 1.1 34.4 21.4 4.6 21.8 1.09
High school 9.8 21.1 2.8 1.8 1.7 2.1 31.8 13.9 2.2 12.8 1.05
Trades 7.9 11.6 3.5 6.2 1.4 1.4 26.1 29.9 1.8 10.3 1.00
Some college 11.3 23.2 9.1 9.0 4.2 3.0 22.2 11.0 1.3 5.7 1.03
Bachelors 15.0 22.5 17.1 7.1 13.6 4.2 13.5 3.6 0.6 2.8 1.07
Above bachelor 15.0 14.0 16.4 13.2 25.0 4.1 7.5 2.6 0.4 1.8 1.03

New immigrants
All 7.4 15.7 11.8 5.0 6.0 2.4 28.6 10.5 1.8 10.9 1.12

Source: Census of Canada, 2006
Note: Summary statistics are obtained from individuals between age 16 and 65. New immigrants are those who
arrived Canada between 1997 and 2006.
Occupation group detail:
A - Management occupations
B - Business, Þnance and administrative occupations
C - Natural and applied sciences and related occupations
D - Health occupations
E - Occupations in social science, education, government service and religion
F - Occupations in art, culture, recreation and sport
G - Sales and service occupations
H - Trades, transport and equipment operators and related occupations
I - Occupations unique to primary industry
J - Occupations unique to processing, manufacturing and utilities
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competition obtained with data from the United States,67 the value of this
index in this chapter is less disperse. A possible reason for such di! erence is
that immigrants, especially new immigrants, are highly educated. They not
only can compete with highly- educated natives or established immigrants,
but also can compete with less-educated workers by under-utilizing their
skills. Even though the numbers are not drastically di! erent, the index
suggests that established immigrants face a higher degree of competition
with new immigrants than natives.

4.4.4 Wage Adjustment

This chapter uses wages of only those who worked full-time in the previous
year to generate the dependent variable. Annual wage and salary earnings
are divided by the weeks of full-time work. Thus, the dependent variable is
weekly wage.68

However, one issue of directly estimating Equation (4.3) and (4.4) using
the raw average wage is that such estimation relies on the assumption that
the population in a given occupation has the same composition across years.
In another word, the average wagewjct is obtained from a similar group of
individuals in terms of education, experience, and other aspects of personal
characteristics. This assumption is very restrictive and is unlikely to be true.
The national labour market research design as the one proposed byBorjas
[2003] implicitly controls for such heterogeneous composition by stratify
the labour market along education and experience level, which are the two
most important factors in determining wage. With the local labour market
research design, like the one adopted in this chapter, personal characteristics
can be controlled by a two stage wage adjustment procedure.

The Þrst stage estimates an individual level wage equation that includes
a rich set of control variables:

logwi = ( i X i + "c + #i (4.5)

The estimated 0"c is, therefore, the city-average log wage with the adjustment

67 See Table 3 in Card [2001].
68 Although 1986 census is available, this chapter chooses not to use it for two reasons.

First, the key explanatory variable is Ònew immigrant shareÓ, which is deÞned as those
who arrive in Canada for less than ten years. Leaving out the 1986 census can avoid the
overlap of new immigrant population and enable a clean construction of the predicted new
immigrant share. Second, occupation code for 1981 and 1986 census is not consistent with
the other censuses. Using only 1991, 1996, 2001 and 2006 census can yield a balanced
panel data.
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of personal characteristics. This model is Þtted for each gender, each
occupation group, and each census year. Since the goal of this chapter
is to study the impact of new immigrant share on wages of natives
and established immigrants, Equation (4.5) is also Þtted for natives and
established immigrants separately. For native men and women,X i includes
dummies for six education levels (less than high school, high school,
trades, some college, bachelorÕs degree, and above bachelorÕs degree), a
quadratic function of potential experience, an indicator of being married,
and interactions of visible minority with education, experience and marital
status. For established immigrant men and women,X i include dummies
for six education levels, a quadratic function of potential experience, an
indicator of being married, years since migrating to Canada, and eighteen
dummies for country of origin.69

The second stage estimates:

# 0" jct = ! 0 + ! 1# log
0I jct

Njct + 0I jct
+ " c + " j + " t + #jct (4.6)

With the two-step approach, this model allows for very detailed adjustments
with respect to the composition of the underlying population. Therefore, the
estimated results reßect the impact of immigration on the residual wages.

4.5 Results

Section 4.3 discusses the exclusion restriction of the IV and argues that
this IV is valid due to construction. The historical component and the
national component breaks down the connection between new immigrant
share and variables on the CMA level in the current year. Before discussing
the estimation results, this section shows that the requirement for a valid
IV to be highly correlated with the endogenous variable is also satisÞed. As
a Þrst check, Figure4.1 shows the correlation between actual and predicted
new immigrant share by ten occupation groups. Darker circles represent the
33 large CMAs, while lighter circles represent the CMAs that are constructed
from smaller CAs. The solid line represents the functiony = x. From
the graph, one can see that the predicted new immigrants share and the

69 The eighteen source country groups are: South America, Central America, Eastern
Africa, Northern Africa, Western and Middle Africa, Southern Africa, Northern America,
Caribbean, Eastern Asia, Southern Asia, South-Eastern Asia, Southern Europe, Australia
and New Zealand, Oceania, Central and Western Asia, Eastern Europe, Northern Europe,
Western Europe.
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actual immigrant share are highly correlated and tightly centre around the
45 degree line. Even for occupation J, which represents occupations that
are unique to processing manufacturing and utilities, despite the dispersed
distribution, predicted share and actual share still show a strong positive
correlation. Formal tests of the Þrst stage of IV estimation are reported in
the following tables.

Figure 4.1: Actual and Predicted New Immigrant Share, by Occupation
Groups
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Note: Darker circles represent the 33 large CMAs. Lighter circles represent the

combined CMAs constructed from CAs.

This section presents the estimated e! ects of new immigrants on adjusted
wages. All estimates are based on equation (4.6) and are weighted by
cell size to correct for heteroskedasticity. Standard errors are clustered
on CMA level to allow for for serial correlation. In addition to the city-,
occupation-, and year-Þxed e! ects, regressions also include a set of variables
to control for basic characteristics of each city-occupation-cell. Control
variables include shares of education groups, average years-since-arrival to
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Canada for immigrants in the cell, average age, and a square term of the
average age.

Table 4.4 shows the results of the impact of new immigrants on the
adjusted wages of natives and established immigrants. The adjusted wages
are obtained as described in section4.4. In this table, the average wages are
obtained for both male and female workers. As most studies that estimates
the impact of immigration on wages Þnd, the OLS estimates are centred
around zero. However, as discussed in the earlier text, OLS estimates are
likely to be biased due to the endogenous location choice of immigrants.
Workers are attracted to cities or occupations that have higher wages, which
results in an upward bias of! 1. To adjust for the endogeneity, this chapter
uses an instrumental variable that is based on the historical distribution of
immigrants. Due to the constraint of data availability, this chapter uses the
immigrant distribution in 1981 census to allocate new waves of immigrants
to di ! erent CMAs.

The IV results are consistently more negative than the OLS results.
This pattern is consistent with the prior about the existence of endogeneity
that biases the OLS results upwards. Taken into account the endogenous
location choice, the IV results show that new immigrants do not have a
signiÞcant impact on wages of native workers. However, a 10% increase in
new immigrant share decrease the average wage established immigrants by
about 2.6%.

As discussed in section4.4, the full sample includes a set of CMAs
that are constructed by combining smaller CAs that belongs to the same
economic region. In some cases, such construction lead to combination of
CAs that are not geographically connected. As a robustness check, column
(2) and column (5) estimates the baseline model without the combined
CAs. In the 33 CMAs, new immigrants do not have a signiÞcant impact
on wages for natives, but they decrease the wages of established immigrants
signiÞcantly.

Table 4.1 shows that more than 70% of new immigrants choose to
reside in the three major metropolitan areas: Toronto, Montreal, and
Vancouver. Column (3) and column (6) presents the estimation results using
observations from the three CMAs only. Similar to estimates that uses the
full sample and the top 33 CMAs, the IV estimates using the 3 CMAs are
more negative than the OLS estimates. However, neither the estimate for
natives or the estimate for established immigrants are signiÞcant. The lack
of signiÞcance is likely due to the small sample size.

Table 4.4 also reports the Þrst stage estimates and the T statistics of the
predicted new immigrant share. As shown in the table, T statistics all pass
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Table 4.4: E! ects of New Immigrants on Wages of Natives and Established Immigrants

Natives Established immigrants
All CMAs 33 CMAs Top 3 All CMAs 33 CMAs Top 3

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

OLS
0.278 0.305 -0.508 0.141 0.182 -0.127

(0.214) (0.227) (0.845) (0.247) (0.278) (0.572)
IV

-0.211 -0.197 -1.044 -0.264 -0.343 -0.737
(0.142) (0.150) (0.931) (0.128) ** (0.132) *** (0.679)

IV Þrst stage
0.938 0.883 0.616 0.931 0.882 0.616

(0.175) *** (0.179) *** (0.152)*** (0.175) *** (0.180) *** (0.152)***
T test 5.36 4.92 4.04 5.32 4.91 4.04

Control variables
$ $ $ $ $ $

CMA Þxed e! ect
$ $ $ $ $ $

Occupation Þxed e! ect
$ $ $ $ $ $

Year Þxed e! ect
$ $ $ $ $ $

Weight
$ $ $ $ $ $

Observations 1706 946 90 1674 942 90

Dependent variables are adjusted log weekly wages for both male and female workers. They are adjusted using a Þrst-
stage regression model, as described in the text. Entries are estimated regression coe# cients of the new immigrants
share. Each model is estimated on a sample of ten occupation groups. Control variables include log population, shares
of education groups, average years since arrival, average age, and average age square. Standard errors are in parentheses
and are clustered on the CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1
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the week IV threshold, suggesting that the correlation between the predicted
new immigrant share and the actual immigrant share is strong.

The estimates are consistent with the simple index of competition
reported in section 4.4. The negative impact of new immigrants on wages
of established immigrants suggests that new immigrants are more likely to
compete with established immigrants, and are less likely to compete with
native workers. In another word, new immigrants are not perfect substitutes
of native workers.

This chapter also estimates equation (4.6) for subsamples to understand
which subgroups of workers are a! ected by the inßow of new immigrants,
or which subgroups of workers face higher level of competition with new
immigrants. The Þrst way of categorize sub-population is by gender.
Estimation results are presented in Table4.5 and Table 4.6.

Similar to the baseline results, the Þrst stage IV results are positive
and signiÞcant. The second stage IV estimates are consistently more
negative than OLS estimates. Compared to the results in Table4.4, the
estimates for male workers are more negative, while the estimates are not
signiÞcant for female workers. Results in Table4.5 and Table 4.6 suggest
that male established immigrants face the highest level of competition from
new immigrants.

One important goal of immigrant policy of Canada is to attract workers
that possess skills and trainings that are beneÞcial to the country and that
they can succeed in the long run. Such policy has a speciÞc target to
immigrants that are highly educated and can be employed in a certain
group of occupations. Thus, estimating the impact of new immigrants
for sub-occupation groups can yield insights about the consequence of the
immigrant selection policy.

Table 4.7 reports the estimates by splitting the sample into two groups:
occupations that require a high level of education (occupation group A to
F) and occupations that do not require high level of education (occupation
group G to J). The categorization is based on whether share of population
with some college education and above is higher than 50%.70 Column (1)
and (2) report the results for high-educated occupations, while column (3)
and (4) report the results for low-educated occupations.

In low-educated occupations, estimates in column (3) and column (4)
for established immigrants largely resemble those in Table4.4, Table 4.5
and Table 4.6. An increase in new-immigrant share reduces the wages of
established immigrants signiÞcantly, especially for male workers. It does

70 See Table4.2.
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Table 4.5: E! ects of New Immigrants on Wages of Natives and Established Immigrants, Male Only

Natives Established immigrants
All CMAs 33 CMAs Top 3 All CMAs 33 CMAs Top 3

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

OLS
0.171 0.229 -0.519 0.049 -0.053 0.001

(0.171) (0.188) (1.079) (0.294) (0.301) (0.985)
IV

-0.208 -0.128 -0.690 -0.447 -0.628 -0.574
(0.139) (0.161) (1.116) (0.246) * (0.280) ** (0.480)

IV Þrst stage
0.938 0.883 0.616 0.929 0.880 0.616

(0.175) *** (0.179) *** (0.152)*** (0.174) *** (0.179) *** (0.152)***
T test 5.36 4.92 4.04 5.32 4.91 4.04

Control variables
$ $ $ $ $ $

CMA Þxed e! ect
$ $ $ $ $ $

Occupation Þxed e! ect
$ $ $ $ $ $

Year Þxed e! ect
$ $ $ $ $ $

Weight
$ $ $ $ $ $

Observations 1703 946 90 1633 932 90

Dependent variables are adjusted log weekly wages for female workers. They are adjusted using a Þrst-stage regression
model, as described in the text. Entries are estimated regression coe# cients of the new immigrants share. Each
model is estimated on a sample of ten occupation groups. Control variables include log population, shares of education
groups, years since arrival, average age, and average age square. Standard errors are in parentheses and are clustered on the
average CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 4.6: E! ects of New Immigrants on Wages of Natives and Established Immigrants, Female Only

Natives Established immigrants
All CMAs 33 CMAs Top 3 All CMAs 33 CMAs Top 3

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

OLS
0.486 0.476 -0.358 0.533 0.899 0.398

(0.304) (0.321) (0.577) (0.297) * (0.358) (0.505)
IV

0.167 0.109 -0.271 0.218 0.290 0.328
(0.278) (0.283) (0.734) (0.251) (0.290) (0.359)

IV Þrst stage
0.938 0.883 0.616 0.913 0.860 0.616

(0.175) *** (0.179) *** (0.152)*** (0.175) *** (0.180) *** (0.152)***
T test 5.36 4.92 4.04 5.21 4.77 4.04

Control variables
$ $ $ $ $ $

CMA Þxed e! ect
$ $ $ $ $ $

Occupation Þxed e! ect
$ $ $ $ $ $

Year Þxed e! ect
$ $ $ $ $ $

Weight
$ $ $ $ $ $

Observations 1705 946 90 1513 898 90

Dependent variables are adjusted log weekly wages for female workers. They are adjusted using a Þrst-stage regression
model, as described in the text. Entries are estimated regression coe# cients of the new immigrants share. Each
model is estimated on a sample of ten occupation groups. Control variables include log population, shares of education
groups, years since arrival, average age, and average age square. Standard errors are in parentheses and are clustered on the
average CD level. Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table 4.7: E! ects of New Immigrants on Wages of Natives and Established
Immigrants, By Sub-Occupation Groups

OCC A-F OCC G-J
Native Immig Native Immig

(1) (2) (3) (4)

Both male and female
OLS 0.713 0.837 0.091 -0.293

(0.158)*** (0.256)*** (0.232) (0.312)

IV -0.075 0.669 -0.374 -0.954
(0.210) (0.301)** (0.183)** (0.278)***

Male
OLS 0.541 0.619 -0.051 -0.150

(0.153)*** (0.340)* (0.185) (0.334)

IV -0.314 -0.183 -0.408 -0.582
(0.318) (0.481) (0.169)** (0.290)**

Female
OLS 0.773 0.339 0.347 0.568

(0.208)*** (0.359) (0.360) (0.527)

IV 0.326 -0.554 -0.142 0.436
(0.283) (0.491) (0.339) (0.727)

First Stage
0.812 0.792 0.975 0.947

(0.198)*** (0.197)*** (0.164)*** (0.164)***
T test 4.11 4.01 5.96 5.76

Control variables
$ $ $ $

CMA Þxed e! ect
$ $ $ $

Occupation Þxed e! ect
$ $ $ $

Year Þxed e! ect
$ $ $ $

Weight
$ $ $ $

Observations 1018 998 688 676

Dependent variables are adjusted log weekly wages. They are adjusted using a
Þrst-stage regression model, as described in the text. Entries are estimated
regression coe# cients of the new immigrants share. Each model is estimated on
a sample of ten occupation groups. Control variables include log population, shares
of education groups, years since arrival, average age, and average age square.
Standard errors are in parentheses and are clustered on the average CD level.
Regressions are weighed by cell size.
*** p < 0.01, ** p < 0.05, * p < 0.1
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not have a signiÞcant impact for female established immigrants. However,
a 10% increase in new immigrant share decreases wages for native workers
by around 4%.

In high-educated occupations, estimates show very di! erent patterns.
An increase in new-immigrant share does not have a signiÞcant impact for
native or established-immigrant workers. In one speciÞcation when adjusted
wages are obtained for both male workers and female workers together, an
increase in new-immigrant share shows a positive and signiÞcant impact.
This results might look surprising at Þrst, but such pattern is consistent with
the Þndings in Chapter 3, which argues that highly educated immigrants in
Canada has a positive impact on the labour market through the diversity
value they brought into the country. Such productivity enhancing e! ect
is strongest for highly-educated immigrants. Therefore, the positive and
signiÞcant estimate shown in the column (2) of Table4.7 could reßect the
productivity enhancing channel that is discussed in Chapter3.

4.6 Conclusion

This chapter assesses the impact of immigration on wages in the Canadian
labour market. Estimating such an impact is an important issue and has
received much academic interest and public attention. Although there is
abundant research that focuses on estimating such impact for the United
States and other developed countries, there is surprisingly little evidence for
Canada. The lack of evidence is partly due to the concern that immigrants to
Canada are highly concentrated in three major gateway cities, and therefore,
Canadian data might not be able to provide enough variation or observations
for statistically meaningful estimates. This chapter shows that even though
the majority of immigrants are concentrated in the three largest cities, the
distribution of the immigrant share has large variations.

This chapter deÞnes local labour markets by CMAs and further stratiÞes
them along the occupation line. This deÞnition for local labour markets is
based on a nested CES production function. The empirical model derived
from the CES framework shows that the estimated impact of new immigrant
share on wages reßects the degree of substitution between di! erent groups.

A simple index of competition that is calculated based on the
occupation distribution of di ! erent population groups shows that established
immigrants face a higher level of competition with new immigrants than
natives do. Estimation results support this pattern. A 10% increase in
new immigrant share decreases the average wage of established immigrants
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by about 3%, whereas natives are not a! ected by new immigrants. Male
established-immigrant workers face a higher level of competition with new
immigrants than their female counterparts.

Estimation on subgroups suggests that the negative impact of
new-immigrant share on male established immigrants is mostly prevalent
for occupations that hire mostly low-educated workers. These results are
consistent with the Þndings in Chapter 3. Together, the Þndings in this
chapter suggest that highly educated immigrants do not result in a negative
impact on natives because they are not perfect substitutes.
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Chapter 5

Conclusion

This dissertation provides an extensive analysis of the impact of immigration
on several aspects of Canada.

Chapter 2 studies the impact of immigration on an important but
understudied social outcome: crime. In addition to providing national
evidence of the immigrant-crime relationship, this chapter stresses the
importance of studying the heterogeneous impact of immigration on crime
rates along the years-since-arrival dimension. The impact on crime along
this dimension has not been previously studied. This chapter Þnds that new
immigrants do not have a signiÞcant impact on property crime rates, but
as they stay longer, more established immigrants actually decrease property
crime rates signiÞcantly. This pattern is robust to model speciÞcation and
di! erent ways of including the instrument variables. It is further validated
by falsiÞcation tests that utilize the structure of the panel data constructed
for this chapter.

This chapter rules out the possibility that immigrants simply do not
report to police when crime happens. Similarly, it Þnds that dilution of the
criminal pool by the addition of law-abiding immigrants can not fully explain
the size of the estimates. Therefore, the paper concludes that immigration
has a spillover e! ect, such as changing the neighbourhood characteristics
and a! ecting the behaviour of the native population, reducing crime rates
in the long run.

This chapter establishes the causal relationship between immigration
and crime rates in Canada, at the same time, it raises more questions.
Does immigration reduce crime by a! ecting labour market outcomes? Do
immigrants settle in lower income communities and revitalize them? Is
it possible that the spill over e! ect operates through family ties and
a! ects second-generation immigrants? The answers to these questions are
important but are beyond the scope of this chapter. The following two
chapters are devoted to answering the Þrst question: how does immigration
a! ect labour market outcomes?

Existing literature that studies the impact of immigration on labour
market outcomes usually view immigrants as a homogeneous group
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conditional on education. Such an approach may ignore the potential
beneÞts or costs of immigration that arise because of its e! ect on the
diversity of the local workforce. Building on work by Ottaviano and Peri
[2005, 2006], Chapter 3 focuses on the e! ect of the composition rather
than the share of the immigrant population, and estimates the relationship
between ethnic diversity and wages of native-born prime-age male workers
in local labor markets. A novel feature of this chapter is the focus on
the interaction between the diversity and the skill-content of immigration
in generating spillovers to the local population. This chapter relies on
administrative Census data from Canada, where the immigration system
generates su" cient variation in educational attainment among immigrants
to identify such an interaction. This chapter also derives a new and simple
test that allows us to investigate the importance of productivity spillovers
and demand spillovers that arise from an ethnically diverse immigrant
population and that relies on disaggregated data.

This chapter Þnds no evidence for a relationship between changes in
ethnic diversity and changes in native wages on the city level. However,
once the diversity for highly- and less-educated immigrants are separated
as separate regressors, this chapter Þnds a very robust and strong positive
impact of the former on the wages of the low-skilled native population. This
relationship becomes stronger once the data is disaggregated further to the
age level and include city-time Þxed e! ects instead. This chapter interprets
this as evidence in favour of a productivity spillover that works within
narrowly deÞned groups that are most likely to interact on the workplace. At
the same time, this chapter also documents some evidence for a reallocation
of native labor towards the construction sector in response to highly skilled
and highly diverse immigration.

This study is among the Þrst that highlights the importance of the
interaction between the skill and the diversity of immigration on the
well-being of the local native population. The Þndings suggest that an
immigrant selection policy that is biased towards high-skill immigration
while at the same time attracting applicants from a diverse set of countries
may have signiÞcant beneÞts for the native population.

To complete the picture of the labour market impact, chapter 4 takes a
more traditional approach and studies the impact of new immigrantshareon
wages of natives and wages of more established immigrants. Estimating such
an impact is an important issue and has received much academic interest
and public attention. Although there is abundant research that focuses on
estimating such impact for the United States and other developed countries,
there is surprisingly little evidence for Canada. The lack of evidence is
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partly due to the concern that immigrants to Canada are highly concentrated
in three major gateway cities, and therefore, Canadian data might not be
able to provide enough variation or observations for statistically meaningful
estimates. This chapter shows that even though the majority of immigrants
are concentrated in the three largest cities, the distribution of the immigrant
share has large variations.

Chapter 4 deÞnes local labour markets by CMAs and further stratiÞes
them along the occupation line. This deÞnition for local labour markets is
based on a nested CES production function. The empirical model derived
from the CES framework shows that the estimated impact of new immigrant
share on wages reßects the degree of substitution between di! erent groups.

A simple index of competition that is calculated based on the
occupation distribution of di ! erent population groups shows that established
immigrants face a higher level of competition with new immigrants than
natives do. Estimation results support this pattern. A 10% increase in
new immigrant share decreases the average wage of established immigrants
by about 3%, whereas natives are not a! ected by new immigrants. Male
established-immigrant workers face a higher level of competition with new
immigrants than their female counterparts.

Estimation on subgroups suggests that the negative impact of
new-immigrant share on male established immigrants is mostly prevalent
for occupations that hire mostly low-educated workers. These results are
consistent with the Þndings in Chapter 3. Together, the Þndings in this
chapter suggest that highly educated immigrants do not result in a negative
impact on natives because they are not perfect substitutes.

Chapter 3 and chapter 4 contribute to the literature in several aspects.
First, they provide important empirical evidence about the impact of
immigrant on native wages in Canada. Second, they show that immigrants
and natives are not perfect substitutes. Immigrants bring in skills that are
complementary to natives in the production function. Not only do they not
have a negative impact, the productivity value, especially that associated
with highly educated immigrants, is large.

The research design and the results in this dissertation show that
Canadian data provides very meaningful variation to use area-approach
to study the impact of immigration. It also stresses the importance
of investigating the value of highly-educated immigration because they
contribute to the society in a very positive way.
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Appendix A

Appendix to Chapter 2

A.1 Geograpic area deÞnition

To create an over-time comparable set of geographic units, changes on the
census sub-division (CSD) level are adjusted according to the Standard
Geographical ClassiÞcation (SGC) concordance tables. The deÞnition is
largely based on SGC 2006.

Table A.1: Count of Inconsistent CSD/CD DeÞnition

Census 2006 Census 2001 Census 1996 Census 1991 Census 1986 Census 1981

Observations 6470470 6080920 6025565 5624810 5241570 5036960
1981 to 1986 79040
1986 to 1991 1303470 1274005
1991 to 1996 166625 150100 141715
1996 to 2001 1272935 1202825 1139350 1109085
2001 to 2006 859550 882905 852215 800425 782695
2006 to 2001 2600 1685 1570 1370 1305 1370
2001 to 1996 87805 82340 8640 9345 9670 22990
1996 to 1991 25165 24250 24465 1625 1860 5490

Census sub-division level inßuenced
Observations 115570 967825 2190515 2234005 3406180 3416390
Percentage 1.8% 15.9% 36.4% 39.7% 65.0% 67.8%

Census division level inßuenced
Observations 61 28779 57674 89770 1272134 1305520
Percentage 0.0% 0.5% 1.0% 1.6% 24.3% 25.9%

In the concordance table, there are three types of changes.
1. ÒChange toÓ: Such changes include the name change as well as the

code change and are one-to-one changes. A! ected CSD codes in the census
prior to 2006 are adjusted to be the same as the code in the census 2006.

2. ÒPart ofÓ: This type of change means that several CSDs in the
previous census year are combined to become one new CSD in the later
census year. A! ected CSD codes are deÞned according to the later year
census code.

3. ÒEquivalent toÓ: This type of changes mean that several CSDs in the
later census year are equivalent to a bigger CSD in the previous census year.
A! ected CSD codes are deÞned according to the previous year census code.

Table A.1 shows the total number of observations a! ected by these code
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A.2. Su" ciency of the IV exclusive restriction

deÞnitions in each census year. Despite the frequent changes on the CSD
level, deÞnitions of CDs remain relatively constant except for two periods.
The Þrst period was from 1986 to 1991, when there were 24 new CDÕs deÞned
in Quebec and British Columbia. The second period was from 1996 to 2001,
due to the newly created Nunavut Territory in 1999.

For most cases, CD boundaries have remained unchanged.

A.2 Su " ciency of the IV exclusive restriction

Technically, the exclusive restriction requires
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The last equation is satisÞed by the independent condition Equation (2.4.4).

A.3 Variable deÞnition

Incidents rate
The respondents to UCR are municipal police services. Since census

districts (CD) are deÞned as Ògroups of neighbouring municipalities joined
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A.4. Proof of Equation (2.8)

together for the purposes of regional planning and managing common
services (such as police or ambulance services),Ó71 they usually contain
several municipal police services. Therefore, incidentsÕ counts by municipal
police services belonging to the same CD are aggregated.

The incident rate is the total number of incidents of a CD divided by
the total population of that CD (obtained from census data).

Gini coe # cient
A Gini coe" cient is constructed followingKelly [2000]. Assuming income

follows log-normal distribution log Y * N (µy, , 2
Y ), then the mean income

and median income can be expressed as Mean(Y ) = exp( µY + 1
2, 2

Y ),
Med(Y ) = exp( µy). Therefore, lg(Mean(Y )/ Med(Y )) = 1 / 2, 2

Y . The Gini
coe" cient can be calculated using: Gini = 2%(, Y /

&
2) " 1, where% is the

CDF of the standard normal distribution. If the log-normal assumption
fails, the calculated index is not exactly a Gini coe" cient, but still captures
the income inequality.

Hourly wage
Hourly wage is calculated using the annual income from wage and salary

divided by the hours worked in the reference year. It is s calculated only for
people aged 15 years to 65 years. Hours worked is calculated by multiplying
the weeks worked by 40, if the respondent to worked full time, or 20 if the
respondent to work part time. The value is adjusted according to the CPI
to the 2002 level.

Unemployment rate
Unemployment rate is calculated for less educated people, aged 15 years

to 65 years.
Clearance rate
Clearance rates are calculated by dividing the number of crimes that are

cleared by the total number of reported incidents. It is commonly used in
criminology literature as a measure of the e! ectiveness and strictness of the
justice system.

A.4 Proof of Equation (2.8)

Let M represent the total number of immigrants, N represent the total
number of natives, and # M represent the change in the number of
immigrants. cM and cN are the crime rates for immigrants and natives,
respectively. %M and %N are the possibility of reporting a crime to police
for immigrants and natives respectively. Then, the total number of crimes

71 Statistics Canada: http://www12.statcan.ca
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A.5. Police-Reported Count of Hate Crime Incidents

can be expressed asMcM + NcN , and the total number of crime that is
documented in UCR is McM %M + NcN %N .

If the immigrant rate increases by 1%

M + # M
M + N + # M

"
M

M + N
= 0 .01

then the change in crime rate would be

McM %M + # McM %M + NcN %N

M + N + # M
"

McM %M + NcN %N

M + N

=
M + # M

M + N + # M
cM %M +

N
M + N + # M

cN %N

"
M

M + N
cM %M "

N
M + N

cN %N

=
'

M + # M
M + N + # M

"
M

M + N

(
cM %M

+
'

1 "
M + # M

M + N + # M
" 1 +

M
M + N

(
cN %N

= 0 .01(cM %M " cN %N )

A.5 Police-Reported Count of Hate Crime
Incidents

Table A.2: Police-reported Count of Incidents, per 100,000 Population,
2006-2010

Total Incidents Total Violent Total Property Hate Crime

2006 7243.98 1386.45 4808.18 3.1
2007 6898.79 1352.13 4519.03 2.7
2008 6617.37 1331.52 4248.93 3.5
2009 6444.09 1318.3 4110.84 5
2010 6144.82 1282.12 3846.2 4.1

Source: Uniform Crime Reporting Survey (UCR); Dowden and Brennan [2012]
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Table B.1: Share Of Each CMA Population, Individual Level Data
Share Of Each CMA Population, Individual Level Data (Rounded To The Nearest 5)

CMA 1981 1986 1991 1996 2001 2006 Total
St. John's 1.1 1.0 1.0 0.9 0.9 0.8 0.9
Halifax 2.0 1.9 1.9 1.8 1.8 1.7 1.8
Moncton 0.7 0.6 0.6 0.6 0.6 0.6 0.6
Saint John 0.8 0.8 0.7 0.7 0.6 0.6 0.7
Saguenay 1.0 1.0 0.9 0.9 0.8 0.7 0.9
Quebec 4.2 3.9 3.8 3.6 3.5 3.4 3.7
Sherbrooke 0.8 0.8 0.8 0.8 0.8 0.9 0.8
Trois-Rivieres 0.8 0.8 0.8 0.8 0.7 0.7 0.8
Montreal 19.8 18.3 17.8 17.8 17.0 16.9 17.8
Ottawa--Gatineau 5.1 5.2 5.3 5.4 5.2 5.3 5.3
Kingston 0.8 0.8 0.8 0.8 0.8 0.7 0.8
Peterborough 0.6 0.6 0.6 0.6 0.5 0.6 0.6
Oshawa 1.1 1.3 1.4 1.4 1.5 1.5 1.4
Toronto 20.6 21.4 21.6 22.5 23.2 23.7 22.3
Hamilton 3.8 3.5 3.4 3.3 3.3 3.2 3.4
St. Catharines--Niaga 2.1 2.1 2.1 2.0 1.9 1.8 2.0
Kitchener 2.0 2.0 2.1 2.0 2.1 2.1 2.0
Brantford 0.6 0.6 0.5 0.5 0.4 0.6 0.5
Guelph 0.6 0.5 0.6 0.6 0.6 0.6 0.6
London 2.0 2.1 2.2 2.1 2.2 2.1 2.1
Windsor 1.7 1.6 1.5 1.5 1.6 1.5 1.5
Barrie 0.4 0.4 0.5 0.6 0.8 0.8 0.6
Greater Sudbury 1.1 1.0 0.9 0.9 0.8 0.7 0.9
Thunder Bay 0.8 0.8 0.7 0.7 0.6 0.6 0.7
Winnipeg 4.1 4.0 3.8 3.6 3.5 3.3 3.7
Regina 1.1 1.2 1.1 1.0 1.0 0.9 1.0
Saskatoon 1.1 1.3 1.2 1.2 1.1 1.1 1.2
Calgary 4.0 4.2 4.4 4.4 4.8 5.0 4.5
Edmonton 4.5 5.0 4.9 4.7 4.8 4.9 4.8
Kelowna 0.5 0.6 0.6 0.7 0.7 0.7 0.7
Abbotsford - 0.6 0.6 0.7 0.7 0.7 0.6
Vancouver 8.7 8.6 9.1 9.5 9.7 9.8 9.3
Victoria 1.6 1.6 1.7 1.6 1.6 1.6 1.6
Total 2,838,550 3,115,755 3,402,075 3,707,715 3,811,645 4,161,080 21,036,825

Notes: This table reports the list of CMAs and their population share in each year. Due to confidentiality concern, the 
total count is rounded to the nearest 5.
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Table B.2: Share Of Each Country of Birth Population, Individual Level
Data

Share Of Each Country of Birth Population, Individual Level Data

Country of Birth 1981 1986 1991 1996 2001 2006 Total
Canada 78.4 79.3 77.3 75.6 74.5 72.7 76.0
South America 0.6 0.7 0.9 0.9 1.0 1.2 0.9
Central America 0.1 0.2 0.4 0.4 0.5 0.5 0.4
Eastern Africa 0.2 0.3 0.4 0.6 0.6 0.6 0.5
Northern Africa 0.3 0.2 0.3 0.4 0.5 0.6 0.4
Western and Middle Africa 0.0 0.1 0.1 0.2 0.3 0.4 0.2
Southern Africa 0.1 0.1 0.1 0.1 0.2 0.2 0.1
Northern America 1.3 1.2 1.1 1.0 1.0 1.0 1.1
Caribbean 1.1 1.2 1.4 1.5 1.4 1.5 1.4
Eastern Asia 1.3 1.4 2.2 3.2 3.8 4.3 2.8
Southern Asia 0.8 1.0 1.6 2.2 3.0 3.9 2.2
South-Eastern Asia 0.9 1.3 1.8 2.2 2.3 2.6 1.9
Southern Europe 4.7 4.1 3.8 3.6 3.4 3.1 3.7
Australia and New Zealand 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Oceanesia 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Central and Western Asia 0.4 0.4 0.7 0.8 1.0 1.2 0.8
Eastern Europe 2.3 2.1 2.1 2.1 2.1 2.1 2.1
Northern Europe 5.1 4.4 3.7 3.2 2.8 2.5 3.5
Western Europe 2.2 2.1 1.9 1.7 1.6 1.5 1.8
Total 2,837,335 3,115,530 3,402,055 3,707,695 3,811,610 4,161,070 21,035,290

Notes: This table reports the list of country of birth and their population share in each year. Due to confidentiality concern, 
the total count is rounded to the nearest 5.
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Appendix to Chapter 4

C.1 Census Metropolitan Area DeÞnition

Smaller CAs are categorized as the same CMA if they belong to the same
Economic Region. In the end, there are totally 89 CMAs. Among them, 33
CMAs are the same as the deÞnition given by Statistics Canada.

Table C.1: Census Metropolitan Area DeÞnition

CMA Type Stats Can Code Economic Region My Code

Bay Roberts CA 5 1010 1
Corner Brook CA 15 1030 2
Grand Falls-Windsor CA 10 1040 3
Charlottetown CA 105 1110 4
Summerside CA 110 1110 4
Cape Breton CA 225 1210 5
Truro CA 215 1220 6
New Glasgow CA 220 1220 6
Kentville CA 210 1230 7
Bathurst CA 328 1310 8
Miramichi CA 329 1310 8
Campbellton CA 330 1310 8
Fredericton CA 320 1340 9
Edmundston CA 335 1350 10
Matane CA 403 2415 12
Rimouski CA 404 2415 12
Riviere-du-Loup CA 405 2415 12
Saint-Georges CA 428 2425 13
Thetford Mines CA 430 2425 13
Victoriaville CA 440 2433 14
Drummondville CA 447 2433 14
Cowansville CA 437 2435 15
Granby CA 450 2435 15
Saint-Hyacinthe CA 452 2435 15
Sorel-Tracy CA 454 2435 15
Saint-Jean-sur-Richelieu CA 459 2435 15
Salaberry-de-ValleyÞeld CA 465 2435 15

Continued on next page
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C.1. Census Metropolitan Area DeÞnition

Table C.1 Ð continued from previous page

CMA Type Stats Can Code Economic Region My Code

Joliette CA 456 2450 16
Lachute CA 468 2455 17
Hawkesbury CA 502 2455 17
Val-dÕOr CA 480 2465 18
Amos CA 481 2465 18
Rouyn-Noranda CA 485 2465 18
Shawinigan CA 444 2470 19
La Tuque CA 446 2470 19
Alma CA 410 2475 20
Dolbeau-Mistassini CA 411 2475 20
Baie-Comeau CA 406 2480 21
Sept-les CA 412 2480 21
Cornwall CA 501 3510 22
Brockville CA 512 3510 22
Pembroke CA 515 3515 23
Petawawa CA 516 3515 23
Belleville CA 522 3515 23
Cobourg CA 527 3520 24
Port Hope CA 528 3520 24
Kawartha Lakes CA 530 3520 24
Centre Wellington CA 531 3540 25
Collingwood CA 567 3540 25
Orillia CA 569 3540 25
Midland CA 571 3540 25
Norfolk CA 547 3550 26
Ingersoll CA 533 3560 27
Woodstock CA 544 3560 27
Tillsonburg CA 546 3560 27
Chatham-Kent CA 556 3570 28
Leamington CA 557 3570 28
Sarnia CA 562 3570 28
Stratford CA 553 3580 29
Owen Sound CA 566 3580 29
North Bay CA 575 3590 30
Elliot Lake CA 582 3590 30
Temiskaming Shores CA 584 3590 30
Timmins CA 586 3590 30
Sault Ste. Marie CA 590 3590 30
Kenora CA 598 3595 31
Brandon CA 610 4630 32
Portage la Prairie CA 607 4640 33
Thompson CA 640 4680 34
Estevan CA 750 4710 35
Moose Jaw CA 715 4720 36
Swift Current CA 720 4720 36

Continued on next page
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C.1. Census Metropolitan Area DeÞnition

Table C.1 Ð continued from previous page

CMA Type Stats Can Code Economic Region My Code

Yorkton CA 710 4740 38
North Battleford CA 735 4750 39
Prince Albert CA 745 4750 39
Medicine Hat CA 805 4810 40
Brooks CA 806 4810 40
Lethbridge CA 810 4810 40
Camrose CA 833 4820 41
Lloydminster CA 840 4820 41
Okotoks CA 820 4830 42
Canmore CA 828 4840 43
Red Deer CA 830 4850 44
Wetaskiwin CA 865 4860 45
Grande Prairie CA 850 4870 46
Cold Lake CA 845 4880 47
Wood Bu! alo CA 860 4880 47
Duncan CA 937 5910 48
Nanaimo CA 938 5910 48
Parksville CA 939 5910 48
Port Alberni CA 940 5910 48
Courtenay CA 943 5910 48
Campbell River CA 944 5910 48
Powell River CA 945 5910 48
Chilliwack CA 930 5920 49
Squamish CA 934 5920 49
Penticton CA 913 5930 50
Vernon CA 918 5930 50
Salmon Arm CA 920 5930 50
Kamloops CA 925 5930 50
Cranbrook CA 905 5940 51
Williams Lake CA 950 5950 52
Quesnel CA 952 5950 52
Prince George CA 970 5950 52
Prince Rupert CA 955 5960 53
Kitimat CA 960 5960 53
Terrace CA 965 5960 53
Dawson Creek CA 975 5980 54
Fort St. John CA 977 5980 54
Whitehorse CA 990 6010 55
Yellowknife CA 995 6110 56
St. JohnÕs CMA 1 1010 57
Halifax CMA 205 1250 58
Moncton CMA 305 1320 59
Saint John CMA 310 1340 60
Saguenay CMA 408 2475 61
Quebec CMA 421 2425 62

Continued on next page
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Table C.1 Ð continued from previous page

CMA Type Stats Can Code Economic Region My Code

Sherbrooke CMA 433 2430 63
Trois-Rivieres CMA 442 2470 64
Montreal CMA 462 2435 65
OttawaÐGatineau CMA 505 2460 66
Kingston CMA 521 3515 67
Peterborough CMA 529 3520 68
Oshawa CMA 532 3530 69
Toronto CMA 535 3530 70
Hamilton CMA 537 3550 71
St. CatharinesÐNiagara CMA 539 3550 72
Kitchener CMA 541 3540 73
Brantford CMA 543 3550 74
Guelph CMA 550 3540 75
London CMA 555 3560 76
Windsor CMA 559 3570 77
Barrie CMA 568 3540 78
Greater Sudbury CMA 580 3590 79
Thunder Bay CMA 595 3595 80
Winnipeg CMA 602 4610 81
Regina CMA 705 4710 82
Saskatoon CMA 725 4730 83
Calgary CMA 825 4830 84
Edmonton CMA 835 4860 85
Kelowna CMA 915 5930 86
Abbotsford CMA 932 5920 87
Vancouver CMA 933 5920 88
Victoria CMA 935 5910 89
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