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Abstract
We present new evidence on levels and trends in after-tax income inequality in Canada between 1980 and
2000. We argue that existing data sources may miss changes in the tails of the income distribution, and that
much of the changes in the income distribution have been in the tails. For this reason, we turn to an
alternative source. In particular, we construct data on after-tax and transfer income using Census files
augmented with predicted taxes based on information available from administrative tax data. Using these
data, we find that Canadian after-tax inequality levels are substantially higher than has been previously
recognized, primarily because income levels are lower at the bottom of the distribution than in commonly
used survey data. We also find larger long-term increases in after-tax income inequality and far more
variability over the economic cycle. This raises interesting questions about the role of the tax and transfer
system in mitigating both trends and fluctuations in market income inequality.

1) Introduction
Accurate measures of the degree of inequality in an economy and of movements in that
inequality over time are important both because they form the basis of discussions about
equity and because these patterns are useful for evaluating alternate theories of how
economies function. 2 In a recent article, Frenette et al. (2004) argue that the data source
most widely used to characterize inequality in Canada – the combination of the Survey of
Consumer Finances (SCF) and the Survey of Labour and Income Dynamics (SLID) 3 –
does not provide an accurate picture of either the level or trends in Canadian income
inequality. In particular, comparisons with Census and tax data indicate that the
SCF/SLID under-represents both very low and very high incomes. This implies both an
under-estimation of the level of inequality and, potentially, a misrepresentation of trends
that are driven by movements in the tails of the distribution. Indeed, given the evidence in
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Saez and Veall (2005) showing that there have been important movements in inequality
concentrated in the very top of the income distribution in Canada in the last few decades,
a misrepresentation of trends seems likely.
Our objective in this paper is to provide more reliable measures of inequality for
Canada for the period from 1980 through 2000. Our first step in this endeavour is to build
a case for the claim that Census micro data provides the most reliable and complete data
for analyzing Canadian income inequality. We argue that Census data is superior to
SCF/SLID primarily because it has much better coverage. The SCF/SLID has an
approximately 20% under-response rate relative to the Census and, following Frenette et
al. (2004), we show that this leads to misrepresentation of the two tails of the pre-tax
income distribution. In addition, the much larger sample size of the Census permits more
reliable measures of percentiles in both tails of the distribution. Census data is also
preferable to using tax data because it provides more complete coverage for a longer
period of time.
These advantages for the Census are partially countered by two key shortcomings.
The first is that the Census is only available every five years, and therefore is unable to
capture higher frequency movements in inequality. We have no remedy for this problem,
but note that data on this frequency is sufficient for studying longer term trends. In
particular, the 1980, 1990 and 2000 Censuses were all taken roughly at the top of
business cycles, allowing consistent comparisons across time.
The second main shortcoming of the Census data is the lack of information on
taxes. The income concept most closely related to family well-being is after-tax and
transfer (disposable) income. The Canadian Census asks questions about transfers
received but not taxes and, as a result, researchers cannot construct disposable income
using what is available in the Census dataset. Thus, the second part of our exercise in this
paper, and perhaps our main contribution, is to impute taxes for families in each Census
in the span from 1980 to 2000. Adding these imputed taxes to the Census micro data, we
create what we call the Census after-tax (Census-AT) dataset.
Our imputation procedure matches administrative tax data with the Census, using
observable characteristics common to both data sources. We employ a reduced form
approach in which we first regress taxes paid on observable family characteristics using
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the tax data then use family characteristics recorded in the Censuses in combination with
the estimated regression coefficients to form predicted taxes paid for each Census family.
This approach is superior to one in which we try to use actual tax schedules to impute
taxes paid for each Census family since it does not require us to calculate allowable
deductions and it reflects actual patterns of take-up of those deductions. We perform a
validation exercise that shows that our approach does a very good job of predicting the
distribution of actual taxes paid.
Having selected a preferred dataset and adjusted it to allow examination of
disposable income, we use the Census-AT data to reassess what we know about Canadian
income inequality levels and trends. Throughout the paper, we compare the results from
our enhanced Census data with those from the SCF/SLID, the source of received wisdom
on income inequality, and show that there are substantial differences between the two. In
particular, the Census-AT data reveals both fatter left and right tails of the income
distribution. It also shows a different pattern over time (especially over the business
cycle) and a difference in the differential between pre and post-tax and transfer
inequality. These differences force a reconsideration of the level of income inequality
(revising it upward), of the magnitude of its relationship with the economic cycle
(revising it upward), and of the role of taxes and transfers in mitigating movements in
inequality (revising it downward) relative to what has been documented in the past by
several authors (e.g. Beach and Slotsve, 2004; Johnson, 1995; Osberg, 1997 and 2003;
Rashid, 1998; Wolfson and Murphy, 1998). For example, we show that in 2000, the log
of the ratio of the 95th to the 5th percentile of the disposable income distribution is .82
according to SCF/SLID. Using similar techniques and definitions, the same ratio is .95
according to Census-AT data (16% higher than in SCF/SLID). Furthermore, the ratio
rises by 6.1% between 1980 and 2000 according to the Census-AT but only 2.4%
according to SLID/SCF.
These results have potentially important ramifications for our notions of equity in
the Canadian economy. They also point to the need for further research on the impact of
Canada’s tax and transfer system on inequality. The Census-AT data tells a story in
which market income inequality grew at a relatively constant rate in the 1980s and 1990s.
In contrast, disposable income inequality was virtually unchanged in 1990 compared to
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1980 but grew sharply between 1990 and 2000. The result is a substantial long-term
increase in disposable income inequality. While definitive statements on changes in the
impact of taxes and transfers are not possible from these comparisons since pre-tax and
transfer income will partly reflect behavioural responses to the tax and transfer system,
the differences in the movements of market and disposable income inequality in the
1990s compared to the 1980s is a smoking gun pointing to a potential weakening of the
effectiveness of redistributive policies. One of our goals in this paper is to point out that
smoking gun, opening an avenue for future research.
The paper most closely related to ours is Frenette et al. (2004). That paper
provides a detailed comparison of the three main datasets available for studying Canadian
income inequality: SCF/SLID, Census, and tax data. The emphasis in that paper is on
pointing out that there are serious differences among the datasets, raising reason for
concern. Frenette et al. (2004) do not, however, try to generate a preferred picture of
inequality levels and trends. In this paper, we proceed to the next step, selecting,
defending and enhancing a preferred dataset (Census-AT) and then using that data to
establish basic facts about Canadian income inequality.
The paper proceeds in seven sections. In the following section, we provide a
discussion of the relative merits of the available data sources. In section 3, we describe
our measurement choices in terms of income and inequality measures, provide an outline
of our methodology for predicting taxes on the Census and validate the approach with
actual tax data. We present the first set of income inequality estimates drawn from the
new data source in section 4. This is followed by a comparison of those results with
estimates drawn from SCF-SLID in section 5 and then by a comparison of the inequality
results from the Census-AT data with patterns in other countries. Finally, section 7
contains conclusions.

2) Comparing and contrasting available data sources
Researchers interested in studying levels and trends in Canadian income
inequality have three data sources at their disposal. The most commonly used is Statistics
Canada’s official source of income estimates, namely the Survey of Consumer Finances
(SCF) until 1996, and the Survey of Labour and Income Dynamics (SLID) from 1996
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onwards. The second is the Census of Population files, which are available every 5 years
starting in 1970. The third source is the T1 Family Files (T1FF), available from 1982
onwards. Each of these sources has their advantages and disadvantages, as illustrated in
Table 1.
Census data, which is the source upon which we focus in this paper, has several
appealing characteristics. First, it has no breaks over our period of interest. In contrast,
the SCF was replaced by SLID in 1996. Although this did not affect average levels of
income, it did affect incomes at the top and bottom of the distribution (Frenette et al.,
2004), requiring some kind of adjustment at the time of the “seam”. Data from T1FF are
not suited to studying the incomes of families at the very bottom of the distribution in the
1980s since it does not include Social Assistance income, which was not taxable at the
time. There are also issues about coverage in the 1980s since there were few (if any)
financial incentives to file for people with no taxable income. This is because refundable
tax credits were not as prevalent before 1990. This creates a break in the data between the
1980s and the 1990s. 4 As we will discuss later, this coverage issue also creates some
issues for our approach.
A second appealing feature of the Census is its coverage. Response to the Census
is mandatory by law, and as such, coverage of the population is almost complete, with the
exception of very specific groups (most notably, on-reserve aboriginals, individuals in
collective dwellings, and the homeless). Response to the SCF/SLID is voluntary, and
roughly 20% of selected households choose not to do so. This creates the potential for
response bias that may be related to income. The SCF/SLID datasets include weights
calculated so that key sample characteristics mimic those recorded in the Census for the
population as a whole, but income is not one of the characteristics. Thus, to the extent
that response bias is related to income, even after controlling for observables that are
directly addressed by the weights, the weighted income distribution obtained from the
SCF/SLID may still not correspond to that for the whole population. 5 The population
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coverage on T1FF is quite good, but only after 1993, when the combination of incentives
from child benefits and GST rebates improved the filing incentives for very low income
individuals. 6
A third feature of the Census (like T1FF) is its very large sample size (20% of the
population), allowing researchers to conduct more detailed analyses of income inequality.
Large samples are particularly important for obtaining reliable measures of movements in
extreme percentiles of the distribution. In contrast to the Census, SCF/SLID has
approximately 30,000 to 35,000 observations, making both detailed decompositions and
examinations of extreme tails of the income distribution more problematic.
A fourth advantage of the Census is that it contains detailed socio-economic
information on its respondents. This is also true in the SCF/SLID, but not in tax data. In
particular, education is missing from the tax files. Another advantage that Census and
SCF/SLID data have in common is that they are publicly available. In contrast, tax data
can only be accessed inside Statistics Canada, making it less useful because results
constructed from them cannot be verified by other researchers.
One drawback of the Census is that it is only available every 5 years, while the
other two sources are available annually. A second drawback is that income measures in
the Census are self-reported and, thus, liable to contain more measurement error than tax
data. The analysis in Frenette et al. (2004), though, suggests that this problem is of lesser
importance than the low response problem in other surveys. In particular, both the SCF
and SLID face the same size non-response issues but income is purely self-reported in the
SCF while over 70% of respondents in the SLID allowed Statistics Canada to obtain
income information through a link to their tax records. Results are available for both the
SCF and SLID in 1996. While the two surveys generate different values for inequality
measures in 1996, these differences are dwarfed by the differences between the values
from both surveys and those from the Census.
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distribution. This is likely due to the fact that individuals with low earnings may be in low, middle, or
high income families.
The 1993 changes to federal child benefits combined the family allowance, refundable credit, and nonrefundable credit into one package that required tax filing. The GST refundable credit which started
paying in 1990 also required tax filing, and substantially expanded benefits from the earlier federal sales
tax credit introduced in 1986.
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Perhaps the most important drawback of Census data, however, is the omission of
taxes paid on the Census (in contrast to SCF/SLID and tax data). This makes the
measurement of after-tax income inequality more difficult with the Census. Given the
other advantages of Census data we’ve discussed, adding tax information to this source
seems a worthwhile exercise. We turn to a discussion of how we perform that exercise in
the next section.
3) Creating the Census-AT data
3.1) Measurement of income and taxes
In this section, we motivate our choices for the measurement of income and taxes.
As we discussed in the introduction, researchers may study inequality both out of direct
interest in equity and as a form of evidence on how the economy functions. If our
primary interest were the latter, we would focus on income measures that are closely
related to factor prices and supplies: what we will call market incomes. If, on the other
hand, equity is our main focus then we would ultimately like a measure of well-being. In
a world with homogeneous individuals and with all goods traded in perfectly competitive
markets, differences in well-being are completely captured by differences in disposable
income. However, in the real world, where there are market imperfections as well as
heterogeneity in preferences and in the prices individuals face, income and well-being
need not be nearly so directly related (Atkinson and Bourguignon, 2000). Nonetheless,
income fills an important instrumental role in virtually any discussion of justice, implying
that we have an interest in the financial resources available for households even if we
cannot claim they provide a direct representation of well-being. While an argument could
be made that “available resources” should include the value of goods supplied by the
public sector, they are traditionally measured by after-tax and transfer (disposable)
income and we follow that tradition in this paper. Because of data constraints, we also do
not consider the imputed income value of durables.
Given our desire to focus on disposable income, the obvious path to pursue is to
start with income from the market, add government transfers, and then subtract taxes
paid. The sticky question is which taxes to subtract. Subtracting income taxes is
appropriate because they reduce the pre-consumption resources available to the
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household. Sales and excise taxes, while interesting, are an issue we cannot address given
that our data contains no information on consumption.
The treatment of payroll taxes - particularly those that are (perhaps nominally)
ear-marked for specific spending programmes - involves a different set of issues. 7 If the
taxes are strongly linked to a particular benefit, and the benefit would have been
purchased by the household in the absence of the government programme, then the
payroll taxes can be thought of as a use of funds from the family budget. 8 The ‘purchase’
of the benefit just happens to be from the government rather than from a private provider.
In this case, we should not account for payroll taxes given our interest in measuring the
family’s pre-consumption and saving resources. On the other hand, if the link between
the payroll taxes and the benefits received is weak, the revenue collected should be
thought of as reducing the size of the family’s pre-consumption budget. If so, we should
subtract payroll taxes from the family’s income in order to arrive at after-tax income. The
decision to include or exclude payroll taxes is therefore specific to each particular case,
and necessarily in part subjective.
We consider three payroll taxes in this paper: Canada/Quebec Pension Plan
premiums, Employment Insurance premiums, and provincial health levies. For the first
two cases, benefits are tied to earnings rather than directly to contributions. For example,
the Canada Pension Plan is not a defined contribution plan, so the marginal dollar of
contribution does not affect benefits. Moreover, there is a substantial intergenerational
transfer component in the Canada and Quebec Pension Plan premiums beyond what is
necessary to fund one’s own benefits. 9 For Employment Insurance, total benefits and
contributions are not closely linked in practice, in spite of a nominal legislative link. 10
Finally, health levies flow into general revenues and are not linked to the amount of
health services received. Since we contend that the tax-benefit link is weak in all three
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cases, it would be appropriate to subtract payroll taxes to arrive at our desired household
income measure. Because this decision is somewhat subjective, however, we provide
separate results with and without payroll taxes.
3.2) Predicting income taxes on the Census
Our goal is to impute income taxes paid for every family observed in a given
Census. In a world with perfectly informed and rational agents, tax filers would minimize
their tax burdens by claiming the optimal combination of income, deductions and credits.
In such a world, we could predict income taxes by applying a ‘calculation’ approach (i.e.
mathematically solving the filer’s tax minimization problem). However, this requires
detailed information on income sources, tax credits, and deductions, some of which is
missing in the Census. Most importantly, the Census does not include questions on either
contributions to a Registered Retirement Savings Plan or on charitable donations. Since
the use of these tax measures are more common among middle and upper income
families, their omission in a tax calculation approach would tend to overstate income
taxes in the upper portion of the income distribution by a considerable margin. This is in
fact what we found in attempting to predict taxes in this manner.
Instead, we adopt a more “reduced form” approach which essentially consists of
defining homogenous groups of individuals based on a set of characteristics that are
known to affect income taxes (e.g. income, family structure, age, province of residence)
and obtaining average taxes actually paid by members of the group from tax data in the
Census year of interest. Assuming we define the groups using characteristics that are also
available in the Census, we can then assign the relevant average taxes paid to each
member of the group in the Census. If the groupings are detailed enough, we expect
income taxes to be about the same for most members in the group. This necessarily
creates a tax measure that includes some degree of measurement error at the individual
level (since all people in the group do not actually pay the exact same amount in taxes).
However, there is no reason to believe the errors are systematic within the group. We
implement the approach using an initial regression of income taxes paid on a flexible
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function of observable characteristics. We then predict taxes paid for each person in the
Census using the person’s characteristics and the estimated regression coefficients. 11
The regression approach has two main advantages over the calculation method.
First, it has much less stringent data requirements. We do not need to know, for example,
values of actual deductions and credits claimed. Instead we need to know only that
people in a particular income class and with specific family characteristics pay a certain
level of taxes, which will necessarily reflect whatever deductions they make. The second,
related, advantage is that we obtain an estimated measure of what families in particular
groups actually pay in taxes. This may differ systematically from their optimal tax bill to
the extent that tax payers do not take full advantage of all available deductions and
shelters. Since we are interested in the actual well-being of Canadian families, it is the
actual tax bill that is relevant.
The tax data we use to estimate the tax prediction models is the T1 Family File
(T1FF), which consists of T1 personal tax records with family level information added by
Statistics Canada. Our goal is to predict taxes on the Census files for the years 1980,
1985, 1990, 1995, and 2000. 12 To do this, we estimate flexible regressions of taxes paid
using tax data from the corresponding year. The only exception to this is for 1980 since
T1FF is not available prior to 1982. However, this is not so limiting since the tax laws
remained virtually unchanged between 1980 and 1982. Hence, we model income taxes in
1982 and use the estimated parameters to predict income taxes in 1980 on the Census. 13
In each year, we predict federal and provincial taxes separately; that is, we
estimate one federal tax model and ten provincial tax models. 14 Since the Quebec
government does not provide provincial tax information to Canada Revenue Agency,
actual Quebec taxes are not available. Since 1992, Statistics Canada has imputed Quebec
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The code used to impute taxes to the Census files is available in an on-line appendix linked to this article
at the CJE journal archive http://economics.ca/cje/en/archive.php.
12
The Census is actually conducted in May or June of the following year in each case, but the income
collected refers to the previous year.
13
We also used the methodology to predict income taxes on the 1980 SCF data, and found that income
inequality estimates based on predicted after-tax income lined up almost exactly with income inequality
based on actual after-tax income. In other words, using 1982 tax information to predict 1980 income
taxes yields accurate inequality measures.
14
Note that payroll taxes are not included in our primary definition of taxes. Later in the paper, we will
introduce a measure of after-tax income that incorporates payroll taxes.
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taxes on the T1FF. For the years 1980, 1985, and 1990, we turn to the SCF to predict
Quebec taxes.
Income taxes are collected from individuals, but require family level information
for calculation. Thus, our strategy consists of estimating models on individuals, using
individual and family level information as determining factors. All models are estimated
on individuals who are at least 15 years old.15 To reduce processing time on T1FF, a 20%
random sample of census families is used in the estimations. Since the sample size is
much smaller in the SCF, the full Quebec sample is used in the estimations.
The estimation approach consists of regressing income taxes on a set of determining
factors by ordinary least squares (OLS). The most important factor in determining one’s
tax obligations is taxable income. Although this information is obviously available on the
tax files, not all components are available on the Census files. We thus use a proxy for
taxable income, which is defined as the sum of the following income sources:
•
•
•
•
•
•
•
•
•

Wages and Salaries
Other Employment Income
Net Self-Employment Income
Investment Income, Dividends
Net Rental Income
Alimony Received
Private Pension Income
Employment Insurance Benefits
Other Income

The omitted components of taxable income include the Canada and Quebec Pension
Plan Benefits, Old Age Security Income, and various deductions (e.g. Registered
Retirement Savings Plans, Charitable Donations, Alimony Paid, Union dues, Child Care
Expenses, Moving Expenses, Carrying Charges, Interest Expenses). 16 The Census either
does not include these sources of income or deductions, or they are lumped together with
15

For tax purposes, December 31st is the reference date. However, the Census reference data is normally in
May or June (of the following year). Since the version of the Census files we used for this study did not
contain the exact date of birth, we randomly assigned individuals as either being the same age (in years),
or being one year younger on December 31st of the previous year. To do so, we assigned individuals with
a randomly chosen number between 0 and 1 from a uniform distribution, and assigned them as being one
year younger if this number was less than or equal to n/365, where n=the number of days between the
Census and December 31st of the previous year.
16
Social Assistance Income became taxable in the 1990s if a spouse had sufficiently high income (on the
order of $50,000 in most years). Since eligibility for social assistance is normally based on family
income, it is for the most part not actually taxed.
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other variables. 17,18 The Census also does not include information that would permit us to
calculate capital gains and, thus, we leave this out of our analysis as well. This implies
that we may under-estimate inequality at the very top end, though how we would deal
with realized capital gains if we could observe them is not clear since there are many
more potential than realized gains and it is not clear how families view potential gains
relative to other, actual income.
The objective in specifying the models is to include variables that are expected to
affect income taxes in as flexible a manner as possible. This flexibility is made possible
by the large sample size available in the T1FF. A more flexible model in this context
essentially corresponds to using smaller and more precisely defined groups, implying
smaller measurement errors. The federal income tax model (denoted by FEDTAX) is
shown below for person i at time t:
12
12
2
(1) FEDTAX it = α t + ∑ IRijt ⋅ β jt + ∑ IRijt ⋅ I it ⋅ δ jt + I it ⋅ φ t +
j =2
j =2
12
12
2
∑ SPIRijt ⋅ ϕ jt + ∑ SPIRijt ⋅ I it ⋅ γ jt + SPI it ⋅ η t +
j =2
j =2
10
2
CHILit ⋅ λ t + CHILit ⋅ μ t + SENIORit ⋅ ν t + ∑ PROVikt ⋅ π kt + ε it
k =2

Most of the variables revolve around the taxable income proxy, which we shall
refer to as “income” for simplicity. We capture the income dimension, in part, by using a
set of 12 dummy variables, each corresponding to an income range for the individual
(denoted by IR). 19 These are helpful in accounting for the non-linear nature of the
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The basic personal exemption is not subtracted from the taxable income proxy. The intercept term should
capture this since it applies equally to everyone. Also, all new alimony agreements after March 30th, 1997
are non-taxable and non-deductible. However, new arrangements cannot be distinguished from previous
ones in the Census. This only affects the predictions for the year 2000, and likely does not have a large
impact since most existing alimony agreements in 2000 appear to be taxable (i.e. the aggregate amount of
Alimony Received on the Census matches the amount on the T1FF quite closely).
18
In the 1980s, certain child credits and family allowances were taxable. Since our model contains all the
variables necessary to calculate the amount of these credits, their inclusion in the taxable income measure
would not add to the fit of the model.
19
The ranges include (in constant 2000 dollars): <=0 (omitted), 0-5K (i.e. 5,000), 5-10K, 10-20K, 20-30K,
30-40K, 40-50K, 50-60K, 60-100K, 100-150K, 150-250K, and >250K.
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taxation rules. To allow for heterogeneity within each range, we interact these dummy
variables with income (denoted by I). 20
Since many tax deductions are based on the couples’ taxable income, we also
include the same set of income variables for the spouse (denoted by the prefix SP). 21 Of
course, income is set to zero if no spouse is present. The presence of children under the
age of 18 is also used in calculating certain tax measures. To capture this, we include
variables indicating the number of children in the family (denoted by CHIL) and its
squared value (to capture potential non-linearities). 22 An individual’s tax obligations are
also influenced by whether or not he or she is at least 65 years old, which we capture by
including a ‘senior citizen’ dummy variable (denoted by SENIOR). Finally, to allow for
differences in the behaviour of taxfilers or in tax measures across provinces, we’ve
included provincial dummy variables (denoted by PROV). 23 Our main goal in
establishing our regression specification is to fit the tax distribution as closely as possible,
but, given the size of the exercise, we are also interested in parsimony. To that end, we
tested (and rejected) more complex specifications (including using more income groups
and interacting income with number of children) by comparing predicted taxes with
actual taxes in the T1FF data. The validation exercise presented in the next section
indicates that our final specification works well.
Our strategy for estimating provincial income taxes (denoted by PROVTAX) is
identical to the federal model, except that the provincial dummy variables are necessarily
excluded. The model is shown below for person i living in province p at time t:

20

Note that any predicted inequality measure that is sensitive to the tails of the distribution will be biased
upwards when a local averaging technique is used for prediction. Within locally averaged groups, more
tax dollars are taken from the bottom than in actual fact, while fewer tax dollars are taken from the top.
This ‘Reverse Robin Hood’ effect (within locally averaged groups) should tend towards zero as the
number of groups approach infinity. However, sensitivity tests suggested that increasing the number of
groups had virtually no effect on predicted outcomes while increasing the computational burden
considerably.
21
Prior to 1992, the definition of a “spouse” only included legally married spouses for tax purposes. Since
then, the definition has also included common-law spouses.
22
Note that we also restrict our samples to families with at least one individual who is 18 years old or
above.
23
The omitted province is Ontario.
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12
12
2
( 2) PROVTAX ipt = α pt + ∑ IRijpt ⋅ β jpt + ∑ IRijpt ⋅ I ipt ⋅ δ jpt + I ipt ⋅ φ pt +
j =2
j =2
12
12
2
∑ SPIRijpt ⋅ ϕ jpt + ∑ SPIRijpt ⋅ SPI ipt ⋅ γ jpt + SPI ipt ⋅ η pt +
j =2
j =2
2
CHILipt ⋅ λ pt + CHILipt ⋅ μ pt + SENIORipt ⋅ ν pt

The estimated coefficients from both the provincial and federal regressions for each
Census year are available on a website. 24
Once we have estimates of the parameters in the FEDTAX and PROVTAX
regression, we use these to predict tax values for individuals in the Census data sets based
on their observable incomes and other characteristics. We then subtract imputed taxes
from incomes and combine the resulting after-tax incomes for household members to
arrive at our measure of family after-tax income. Predicted taxes for all individuals under
age 15 (the lower age limit of our tax estimation sample) are set to zero. The definition of
the family on T1FF is the census, or nuclear family and, thus, we use census family
information in our tax regressions. For measuring economic well-being, a preferred
concept is the economic family, which may include two or more census families, as long
as there is a relationship of blood, adoption or marriage between them (e.g. a brother
living with his sister and her family). Since the Census includes identifiers for both types
of families, we are able to predict income taxes by using census family information, and
then calculate after-tax income at the economic family level. Once we have created
family incomes, we divide them by the square root of the size of the family to generate
“adult-equivalent” incomes. Thus, while the data calculations are done at the level of the
family we are conceptually working at the level of “adult-equivalent” individuals.
There is one substantial complication in the tax prediction that deserves comment.
Given that our tax estimation is based on simple OLS regression, there is nothing to
prevent predicted taxes from being negative. We re-assign negative predicted values to
zero. In the actual distribution of taxes there are no negative values (since the Canada
Child Tax Benefit and antecedents is treated as a transfer in the Census data and we do
the same). In the years when T1FF coverage is very high (1995 and 2000) the proportion
of filers who owe zero taxes is low so we hypothesized that using a Tobit would not be
24

Specifically, the coefficients can be found in the online appendix linked to this article available at the
CJE archive: http://economics.ca/cje/en/archive.php.
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worth the computational burden. The validation exercise shown in the next section
suggests this is the case. The earlier Census years provide more of a challenge since the
lack of incentives to file for those with low income in the years before the GST rebate
and the Canada Child Tax Benefit mean they are not present in our tax data. Using the
coefficients estimated based on those who are present in the tax data, the predicted taxes
for these families in the Census are likely to be low or negative. Given that we re-assign
negative predicted values to zero, our predictions are likely to be relatively accurate. To
check this, we used our 1995 tax sample, dropping those who report zero taxes and reestimating our model. We then predicted taxes for the entire sample and compared those
to actual taxes paid. The predicted tax distribution had a 1st percentile of $549, a 5th
percentile of $5024, and a 10th percentile of $8077. In comparison, the 1st , 5th and 10th
percentiles of the actual tax distribution were $582, $5034, and $8189, suggesting that
the process we are forced to adopt in the 1980s (where tax parameters are estimated with
a restricted sample but predicted for everyone) actually performs well in generating
predicted taxes.

3.3) Validation
Our next step is to assess the accuracy of our income tax prediction approach. To
do so, we apply an internal validation technique, assessing how well the models predict
income taxes on the tax data themselves. Note that we perform the assessment at the
national level because we are only interested in national level income inequality in this
study. The use of the prediction approach to study inequality among sub-groups of the
population would require further assessment that is beyond the scope of this study.
We begin by predicting income taxes (federal and provincial combined) for each
individual in the tax data based on the characteristics outlined above, and then
aggregating income taxes to the census family level. In Table 2, we show income
percentiles and measures of income inequality for the distribution of the actual after-tax
income in T1FF 2000 (column 1) and the distribution of our predicted after-tax income
(column 2). We also report the error as a percent of the actual amount for each of the
percentiles. Because we are interested in comparing percentiles (and functions of the
percentiles) across years, the percent error for the percentiles is the relevant error for our
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work. As a more stringent test, we also calculated the mean absolute error for the sample
(i.e., taking the absolute value of the difference between actual and predicted after-tax
income for each family and then averaging), finding an average error that is 5.0% of the
actual amount.
The results in Table 2 suggest that our fitting method does a good job, even
though it is based on an incomplete measure of taxable income. In particular, actual and
predicted incomes are very close throughout the distribution. Given this, it is not
surprising that the various summary measures of inequality also show little difference.
The specific summary measures we use here, and in the following sections are: the log of
the ratio of the 95th to the 5th percentile, the log of the ratio of the 90th to the 10th
percentiles, the ratio of the average income in the top decile to the average in the bottom
decile, and the Gini coefficient. All the measures indicate a strong similarity in the degree
of inequality in the actual and predicted after-tax income distributions. Similar results
were found using data from 1982, 1985, 1990, and 1995 and are available upon request.

4) After-tax income inequality levels and trends, 1980-2000
We now put the Census-AT files to their first use by documenting trends in aftertax income inequality over the period 1980 to 2000 in Table 3. For comparison, we also
show inequality trends in market income (i.e. earnings, investment income, private
pension income, and other non-transfer income) and total income (i.e. market income
plus transfers). 25 Later, we will discuss a fourth income concept: after-tax income, where
taxes include income and payroll taxes.
While it is tempting to interpret differences in inequality in the pre- and post-tax
distribution as the ‘impact’ of the fiscal system on household budgets, such an inference
requires strong incidence assumptions. 26 This is so because we do not observe a true ‘pretax’ market outcome. Instead, we observe the market outcome in the presence of taxes. If
the incidence of the income tax is not entirely upon the individuals paying it then the
observed market wages and capital income receipts will reflect a premium to compensate
25

A very small portion of our sample (0.01%) has negative disposable incomes. Negative incomes can
have adverse effects on inequality measures. We have run everything with and without these negative
income families and found differences that were extremely small. The results reported here are based on the
full sample.
26
See Fullerton and Metcalf (2002) for a complete discussion of tax incidence.
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for taxes paid. For example, if top executives are internationally mobile, their wages may
be adjusted to offset differences in income tax between Canada and alternative countries
of employment. In this case, the actual effect of the fiscal system on an executive would
be smaller than would be measured by comparing the observed pre- and post-tax
incomes. Similarly, the economic incidence of employer-paid payroll taxes and taxes on
profit may be on workers, implying different wages if the taxes were not present. To
proceed, we assume the incidence of taxes is equivalent to the statutory burden, which
has the virtue of transparency. Moreover, because our primary goal is to analyze after-tax
income (which is independent of assumptions of incidence), the assumption is not critical
to our primary conclusions.
The first panel in Table 3 indicates that market income inequality has been rising
over the entire period and at a similar pace in each decade. This is true both when using
the log of the ratio of the 90th to the 10th percentile of the distribution (which emphasizes
inequality movements in the tails of the distribution) and the Gini coefficient (which
emphasizes movements in the middle of the distribution). The upward trend results from
the fact that market income inequality has risen during the recessions in the earlier part of
each decade (as we would expect, since marginal workers are most likely to be laid off,
and hiring is reduced substantially), but the decline in inequality in the recovery periods
witnessed later in each decade was always much smaller. It is worth noting that while the
1980, 1990 and 2000 Census years are not perfectly comparable in terms of economic
conditions, they do all roughly correspond to cyclical peaks and thus comparison across
those years is useful for establishing longer term trends.
The log of the ratio of the 50th percentile to the 10th percentile (the 50-10
differential) captures inequality movements in the lower half of the distribution while the
log of the ratios of the 90th percentile to the 50th percentile (the 90-50 differential)
captures movements in the upper half. Examining those differentials in the first panel
indicates that the overall increase in inequality arose both because middle income
families pulled ahead of lower income families and because upper income families pulled
ahead of their middle income counterparts. However, the increase in inequality in the
lower half was by far the larger driver of the overall trend. Underlying that increase was a
real decline in the 10th percentile of the distribution from $3678 in 1980 to $2012 in 2000
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(both measured in 2000 dollars), combined with an 8% real increase in the median
market income over the same period. As with the overall trend, the inequality patterns
within each half of the distribution were very similar in the 1980s and 1990s.
The second panel contains measures based on total income, which is constructed
by adding transfer income to the market income measures described in the first column.
The lower levels of all the inequality measures reflect the fact that transfers are primarily
received by those in the lower part of the distribution. The over time patterns also imply
that transfers tend to moderate cyclical fluctuations as the relative size of the increases in
inequality across the recessionary periods (1980-85 and 1990-95) is smaller in total
income compared to market income. This is expected since unemployed individuals
usually qualify for some form of assistance but lose that eligibility when they return to
the workforce, which can reduce the improvements in income resulting from the new job.
These conclusions are supported by the 50-10 and 90-50 differentials. While adding
transfers reduces both the level and the growth in inequality in the lower half of the
distribution dramatically, it has much less impact in the upper half. Further, in both
decades, adding in transfers reduces growth in the 50-10 differential in total income
relative to that witnessed in market income in the recessionary periods but yields a less
equalizing change compared to the reductions in the 50-10 differential in market income
in expansionary periods.
A comparison of the patterns in the 1980s and the 1990s points to interesting
conclusions. The log (90/10) measure indicates that the increases in inequality in the
total income measure were larger in the 1990s than the 1980s even though the relative
increases in inequality in market income were similar across the two decades. Examining
the Gini, one finds that bringing in transfers cuts the growth in market income inequality
in the 1980s by more than half, while in the 1990s it has virtually no impact on inequality
growth. Moreover, while there is no growth in the 50-10 differential in total income in
the 1980s and growth in the 90-50 appears mitigated to what is observed in the upper half
of the market income distribution, in the 1990s adding transfers still results in some
growth in the 50-10 differential and appears to have little impact in the upper half of the
distribution. This could be consistent with redistributive policies that are both more
targeted at the poor and less generous in the 1990s.
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Levels of inequality are further reduced according to all measures when we shift
to after-tax income in the third panel. Recall that the measure being examined in this
panel consists of market plus transfer income minus income taxes. For all the measures of
inequality, bringing in taxes actually makes the growth in inequality in the 1980s mildly
negative. Thus, if we focus on the Gini, the initial substantial growth in inequality in
market earnings is cut in half when we bring in transfers and then the remaining
inequality growth is eliminated once we introduce the impact of taxes. The breakdown
within the decade indicates that reductions in inequality in the first, recessionary, half of
the decade are associated with transfers but not taxes. The impacts in the second half are
the reverse: including transfers affects the growth in inequality witnessed in market
inequality to a minor degree (as measured by the Gini) but once one then subtracts taxes,
the inequality reduction becomes relatively substantial. Moreover, bringing in taxes
appears to have less impact on the lower than the upper half inequality in the 1980s. This
is all as one might predict. In a recessionary period, market income inequality increases
as people in the lower part of the distribution lose jobs. This is offset by transfers, thus
reducing inequality growth to some degree. In boom periods, market income inequality
declines as low income people regain employment, but fewer transfers are required and
so transfers have less impact in terms of reducing inequality. At the same time, incomes
in higher parts of the distribution increase in boom times and taxes act to mitigate the
associated inequality increases.
The first half of the 1990s also appears to fit with this predicted pattern. A
substantial increase in market inequality is cut approximately in half when transfers are
introduced but there is no further change when taxes are then subtracted. The last half of
the 1990s, however, is a different story. Market income inequality falls as one would
predict in a boom, but inequality in total (market plus transfer) income either actually
rises or falls by much less, depending on the inequality measure one uses. Bringing in
taxes mitigates this slightly but the net effect is either an increase in after-tax inequality
or only a slight decrease (again, depending on the measure used) in spite of the fact that
this is a boom period. Note that this does not imply that the tax and transfer system
generated a level of inequality higher than what was witnessed in market income.
(Comparisons across the 2000 row in the upper half of Table 3 show that is not true).
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However, as measured in terms of the Gini, changes in the tax and transfer systems in the
latter half of the 1990s did lead to a growth in inequality in disposable income even
though inequality in market income was decreasing.
In order to provide a more complete picture of the movements in inequality across
the distribution, we present the Lorenz Curves for market income and disposable income
in Figures 1 and 2. The market income Lorenz Curves in Figure 1 reveal unequivocal
increases in inequality, with the 1990 Lorenz Curve lying everywhere outside the 1980
curve and the 2000 curve lying everywhere outside both the previous years. The curves
reveal particularly large increases in inequality in the middle of the distribution in the
1990s, with more even changes in the tails across the two decades.
The picture of the movements in disposable income inequality in Figure 2a is
more nuanced. The Lorenz Curves for 1980 and 1990 are virtually indistinguishable,
supporting the conclusions from Table 3 that the tax and transfer system essentially
completely undid the increases in market income inequality in that decade. The 2000
Lorenz Curve, however, lies everywhere outside the 1990 Lorenz Curve with the largest
proportionate decreases in Lorenz ordinates occurring at the bottom. In the next section,
we will argue that the main distinction between the Census data and the more commonly
used SCF/SLID data occurs in the tails of the income distribution. In Figures 2b and 2c,
we magnify the parts of the Lorenz Curves corresponding to the bottom 20% and top
20% of the distribution, respectively. Examining those figures reveals that the 1980
distribution is actually more unequal than the 1990 distribution in both tails, and that the
2000 distribution is clearly more unequal than both of them.
We provide further detail on the movements in inequality over time in Figures 3
and 4. Figure 3 contains plots of the 5th, 25h, 50th, 75th and 95th percentiles of the real
market income distribution as calculated from Census data. The 5th percentile of this
distribution is always zero, but, fitting with our earlier description of movements in
inequality across the cycle, the 25th percentile declined sharply in both the early 1980s
and 1990s with recoveries in the second (boom) part of each decade. In both decades the
recessionary declines in the 25th percentile were not fully offset by the increases in the
ensuing recoveries. As a result, the 25th percentile fell from $15,000 in 1980 to $13,700
in 2000. In contrast, both the 75th and 95th percentiles were essentially flat in the 1980s
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recession and slightly falling in the 1990s recession but experienced very substantial
increases in the boom periods. The 75th percentile increased from $40,000 in 1980 to
$46,000 in 2000.
Our numbers at the top of the distribution are corroborated by those derived from
tax data by Saez and Veall (2005). Saez and Veall examine market income excluding
capital gains using tax records over the period from 1920 to 2000. They find that the 95th
percentile of their market income distribution was virtually unchanged between 1980 and
1990 but increased by 8.5% between 1990 and 2000. Our results for the 1990s are
similar, showing an increase of 9.9% for the 1990s for the 95th percentile, but for the
1980s our data show a similar 9.8% increase for the 1980s. Saez and Veall (2005) show
that these movements at the top of the distribution are dominated by increases in the
share of total income going to the top 0.1% of earners and, thus, that even examining the
95th percentile tends to understate the extent of the increase in inequality.
In Figure 4, we present plots of the same percentiles of the after tax and transfer
income distribution. Note, first, that incomes at the bottom are higher and incomes at the
top lower than what we see for market incomes in Figure 3. The tax and transfer system
also dampened cyclical fluctuations in the lower end of the distribution. Further, once
taxes and transfers are included, both the 5th and 25th percentiles of the distribution
actually increased between 1980 and 1990. However, as described earlier, the impact of
taxes and transfers is smaller in the 1990s and the net result is a decline in the 5th
percentile from $7,282 in 1990 to $6896 in 2000. Interestingly, this decline almost
exactly balances the increase at the 5th percentile over the 1980s, leaving the 5th percentile
virtually unchanged between 1980 and 2000. At the other end of the distribution, the tax
and transfer system acted mainly to mitigate the growth in the top percentiles. This again
fits with the discussion earlier in which we suggested that transfers would have little
impact on movements at the top end but taxes would serve to reduce their boom period
increases. 27
The sub-components of income at various parts of the distribution are also of
interest, and in Table 4 we show those components for families near the 5th, 50th, and 95th

27

In related work, we are investigating more carefully the roles played by taxes and transfers in income
inequality over the 1980-2000 period.
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percentiles of the disposable income distribution for 1980, 1990 and 2000. 28 Looking at
the 1980 patterns, the differences in components vary systematically across the
distribution in a predictable way. The 5th percentile families pay little in taxes and receive
over half their income in transfers with “Other Transfer Income” (a category dominated
by social assistance benefits) accounting for the largest portion of their total transfer
income. In contrast, transfer income makes up less than 10% of total income for the
median households and less than 3% for the families near the 95th percentile. The top
earners also differ from those at the middle and low end in that a much lower proportion
of their market income comes from wages and salaries, and that they pay much more in
taxes, proportionately. Between 1980 and 2000, market income near the 5th percentile
declined but this was offset by an increase in transfer income. Within transfer income,
employment insurance income fell but this was offset by increases in social assistance
and, in particular Child Transfer Income, reflecting the introduction of the Canada Child
Tax Benefit. For middle income households, transfer income actually increased
substantially, but this was due almost entirely to increased retirement pensions, reflecting
both an ageing population and direct efforts to improve the well-being of the elderly. In
contrast, Employment Insurance income changed to a small degree and even Child
Transfer Income dropped. These families had much higher income from Employment
Insurance in 1990 than in either of the other two years. Their taxes rose, with the ratio of
taxes to market income increasing from 15% to 19% between 1980 and 2000. At the top
end, market income grew dramatically, mainly due to increased wage and salary
earnings. Transfers also grew, both in real terms and as a percentage of disposable
income but still only made up 4% of disposable income in 2000. Taxes for this group
grew from 20% in 1980 to 26% in 1990, essentially staying at that level by 2000. Thus,
when average tax rates rose (considerably) in the 1980s, the 90-50 differential in
disposable income was maintained at a constant level. In the 1990s, a decade over which
the average tax rate was unchanged, increased market income inequality translated into a
4% rise in the 90-50 differential.
28

Rather than work with the specific families at these percentiles, we generated average characteristics for
families near them. To do this, we ranked families by income then divided them into 100 even sized
groups. In the table, we present average characteristics for the 5th and 6th groups in the discussion about the
5th percentile, the 50th and 51st groups for the median, and the 95th and 96th groups for the 95th percentile.
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Finally, we turn to results in which we also subtract payroll taxes (i.e.
Canada/Quebec Pension Plan premiums, Employment Insurance premiums, and
provincial health levies). As we argued earlier, while removing payroll taxes in our
opinion provides a better measure of disposable income, this decision is more subjective.
The results in Table 5 show our measures of inequality for the definition of income that
subtracts payroll taxes as well as income taxes. The results change little from the set of
results that did not exclude payroll taxes (i.e. after income tax income). Most log
percentile differences are slightly smaller when payroll taxes are factored in, indicating
that payroll taxes have a small dampening effect according to these inequality measures.
This is perhaps surprising since the payroll taxes apply at a flat rate only up to a cap,
meaning that lower income working individuals pay a higher percentage of their income
in taxes. However, because the taxes are only levied on working individuals, these taxes
miss all non-workers, who likely have lower total incomes than working individuals, and
are thus more likely to be found in the left tail of the distribution (P5 or P10). The Gini
coefficient, on the other hand, is more middle sensitive. It is thus not surprising that this
measure is less affected by payroll taxes: workers in the middle part of the distribution
pay roughly the same amounts in payroll taxes.

5) Comparison of Census Patterns with SCF/SLID
As described earlier, most previous discussions of income inequality in Canada
have been based on SCF and SLID data. In section 2, we argued that there are good
reasons to believe that the Census data is superior to the SCF/SLID data, particularly in
coverage and sample size. Now we wish to investigate whether these data differences
yield different measures of the level and growth in inequality. To do this, we present
Table 6, in which we replicate the measures in Table 3 using SCF/SLID data.
The most notable difference between the Census based measures in Table 3 and
the SCF/SLID based measures in Table 5 is their levels. The inequality measures are
uniformly smaller when using the SCF/SLID. This is true for all three definitions of
income, for all three measures of inequality, and at all five points in time. Moreover, the
differences are substantial. For example, for disposable income in 2000, the log(95/5)
differential, our most tail sensitive inequality measure, is 15% larger in the Census data
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than in the SLID. These differences potentially fit with the SCF/SLID under-counting
families in the tails of the distribution.
Differences in the time patterns of inequality generated from the two data sources
are more complex. If we focus on inequality measures that emphasize movements in the
tails of the distribution – the log (90/10) and log (95/5) measures in these tables – the
Census indicates much more substantial increases in inequality in all three types of
income across the whole 1980 to 2000 period. For example, Census-AT shows an
increase in log (95/5) of after-tax income of 6.1% while the SCF/SLID shows only 2.4%.
For market income using log (90/10), the difference is more pronounced, with a growth
rate of 28.4% for the Census and only 16.3% for the SCF/SLID. In contrast, the growth
rates in the Gini are more similar for all three income definitions. Again, this is
potentially consistent with the SCF/SLID having lower coverage of the population. To
the extent that lower coverage occurs systematically in the tails of the distribution, one
might expect to see patterns such as this where the SCF/SLID tells a different inequality
story when we focus on the tails but a similar story when we focus on the middle of the
distribution.
Regardless of the inequality measure we use, the SCF/SLID provides a different
picture of both decadal and cyclical movements. For example, while the Census indicates
a relatively even split of the overall increase in market income inequality between the two
decades, the SCF/SLID implies that about two-thirds of the increase occurred in the
1980s. Again, this is related to what is happening in the tails since the inequality
movements in the 1990s are even more heavily driven by what is happening in the tails
than is the case in the 1980s. Cyclically, market income inequality shows much stronger
swings in Census data than in SCF/SLID data.
Our ultimate interest is in levels and movements in after-tax income inequality. In
Figure 5, we plot the log of the 95th/5th percentile ratios for Census years based on both
Census and SCF/SLID data. 29 Again, one can see the substantially higher level of
inequality observed in Census data in all years. In addition, the Census based measure is
clearly much more cyclical and shows a stronger trend increase in inequality. In the
29

Once again the SLID income levels in 2000 were derived by adding the growth rates between 1996 and
2000 from the SLID to the 1996 SCF values in order to obtain levels that are comparable to those from
the earlier SCF data.
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SCF/SLID, the tax and transfer system more than offsets increases in market income
inequality in the 1980s. The 1990s witnesses a substantial increase in after tax income
inequality but this places the final inequality level in 2000 only slightly above its 1980
level. In contrast, in the Census data, the tax and transfer system almost exactly offsets
increases in market income inequality in the 1980s but leaves substantial growth in
inequality in the 1990s. Interestingly, the two datasets point to very similar growth in
inequality in the 1990s, with the difference in growth over the two decades from 1980 to
2000 arising because the SCF/SLID data implies a substantial drop in disposable income
inequality in the 1980s that is not seen in the Census-AT data. Thus, both datasets point
to a similar conclusion that the tax and transfer system ceased to fully offset increased
market income inequality in the 1990s.
6) Canadian Inequality in International Context
We turn, now, to placing our Census-based Canadian inequality measures in
international context. The most common benchmark against which to compare Canadian
inequality is the level and trend in inequality in the United States. Our first concern with
making such a comparison was the possibility that U.S. data faced the same problem as
we identified here: that inequality in the Current Population Survey (the U.S. survey
instrument most similar to the SCF/SLID and the one most commonly used for inequality
measurements) would be considerably different from what is observed in the U.S.
Census. To check this possibility, we drew data on disposable income for the year 1999
from the CPS and the 2000 US Census and calculated the Gini coefficient for each. For
this exercise, we did not use an adult equivalence adjustment in order to obtain measures
comparable to those presented in US Census Bureau publications. Based on this data, the
(non-adult equivalence adjusted) 95-5 differentials were 2.74 in the CPS and 2.83 in the
US Census: a difference of less than 5%. Moreover, the inequality rankings between the
datasets were not always the same. Market income inequality was measured as lower in
the Census while disposable income inequality was lower in the CPS. In contrast, for
Canada, the Census based 95-5 differential in disposable income in 2000 was 15% higher
than the comparable measure from the SCF/SLID data and the Census showed higher
inequality in all income measures. Thus, the U.S. survey data does not appear to suffer
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from the same problem we’ve identified for Canada and we can use either CPS or Census
data as a basis of comparison with our Canadian Census results.
Gottschalk and Smeeding (1997) and Smeeding (2005) present U.S. inequality
results based on the CPS, using a disposable income concept that is very similar to ours.
Their results, like ours, are for families and use an adult equivalence adjustment
consisting of dividing income by the square root of the number of people in the family.
Their results show a 90-10 differential of 1.55 for 1980, which is comparable in size to
the 1.50 observed in the Canadian Census-AT file. Over the next two decades, the US
90-10 differential grew by 10% while the Canadian differential grew by 4%.
Interestingly, that differential growth is entirely due to differences in movements in
inequality in the lower tail of the distribution. From 1980 to 2000, the 90-50 differential
in disposable income grew by 4.8% in Canada and by 3.6% in the US while the 90-10
differential grew by 3.5% in Canada but by a much larger 20% in the US. 30 If we had
used the SCF/SLID for these comparisons we would have concluded that Canadian
inequality was much lower in 1980 (showing a 90-10 differential of 1.4) and did not grow
at all over the next two decades, leading to a substantial exaggeration of the extent of the
differences between the two countries. The SLID data implies that US disposable income
inequality, as measured by the 90-10 differential, was 20% larger than Canadian
inequality in 2000 while the Census-AT data imply that US inequality was only 8.6%
larger in that year.
Using data from the Luxembourg Income Study, we can also make comparisons
with other countries based on comparable data definitions. Thus, the 90-10 differential
for the UK grows by a tremendous 21%, from 1.26 in 1979 to 1.52 in 1999 (Luxembourg
Income Project, 2006). This is much larger growth than observed for Canada but given its
lower starting place, UK inequality still has not reached the levels seen in the Census-AT
data. Germany also experienced substantial inequality growth of 12% between 1981 and
2000 (perhaps largely due to reunification) but was still at a much lower inequality level
than Canada in 2000 with a 90-10 differential of 1.19. In contrast, Norway experienced
virtually no growth in inequality between 1979 and 2000 and ended with a 90-10
30

The source for the US trends is the “Income Inequality Measures” table from the Luxembourg Income
Study Website (Luxembourg Income Project, 2006). The beginning number for the US actually
corresponds to 1979.

26

differential of only 1.03 (Luxembourg Income Project, 2006).

Further interesting

comparisons can be made to developing countries. Benjamin et al. (2005) examine
various data sources for China and report that the Gini coefficient for rural China in 2000
took a value of about .44, which is the same value we observe for the Gini for market
income inequality in Canada in that year. This is remarkable, given China’s reputation as
a high inequality economy. However, the Chinese inequality measure corresponds to
disposable income inequality and the Gini coefficient for that income concept in Canada
in 2000 is .32. Thus, whatever its limitations, the Canadian tax and transfer system helps
generate a level of after tax and transfer income inequality that distinguishes it from
developing economies where there are limited tax and transfer programs.

7) Conclusion
In this paper, we present results on measures of income inequality over the 1980s
and 1990s for Canada using Census data. We argue that Census data is superior to the
most commonly used data source, the combination of the Surveys of Consumer Finances
and the Survey of Labour and Income Dynamics, because the latter has population
coverage that is only about 80% of the Census. The main disadvantage of using the
Censuses, apart from the fact they are collected only every 5 years, is that they do not
include information on taxes paid, which are necessary for examinations of disposable
income. Thus, a major part of our exercise is to impute taxes for families in each Census.
We do this using a reduced form approach in which we estimate regressions of taxes paid
on family characteristics using tax data and then use the estimated coefficients from those
regressions to predict taxes paid in the Censuses. We demonstrate that this approach does
a good job of predicting taxes paid using a validation exercise based on tax data.
Once we have the fitted taxes, we are in a position to generate a new series on
inequality in after-tax income. We show that both the levels and time patterns of
inequality depicted in this series are dramatically different from what is seen in the
SCF/SLID data. Simple plots of percentiles of pre-tax income distributions constructed
from the Census and the SCF/SLID indicate that the latter generates both substantially
larger values of the lower percentiles of the distribution and substantially smaller values
of the upper percentiles. Thus, it is not surprising that the levels of inequality as measured
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in the Census are substantially higher in all years and all income measures we examine.
In addition, Census based inequality measures show much more cyclicality and much
stronger increases in inequality over the time period we examine. The decadal patterns
indicate that the 1980s can be characterized as a period in which strong increases in pretax and transfer income inequality were fully offset by the tax and transfer system. In
contrast, equally strong pre-tax and transfer income inequality increases in the 1990s
were not offset to nearly the same degree in the 1990s, resulting in strong growth in
inequality in after tax and transfer income. This opens interesting questions about the
impacts of changes in several parts of the social safety net and the tax system in the
1990s.
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Table 1: Attributes of income data sources

SCF-SLID

Census

T1FF

Continuity

Break in 1996

No break

Change in filing
incentives in early
1990s

Coverage

80% response rate

Mandatory response

Almost all file since
early 1990s

Sample size

Small

Large

Large

Socio-economic
information

Many

Many

Few

Frequency

Yearly

Every 5 years

Yearly

After-tax

Total income

After-tax

Income variable

a

Table 2: Percentiles and inequality indices based on actual and predicted after-tax income, T1FF 2000

Actual

Predicted

Error (%)

P1
P5
P10
P25
P50
P75
P90
P95
P99

176
4,359
8,301
14,672
23,681
35,564
49,729
61,056
100,971

174
4,413
8,240
14,042
23,592
35,645
49,584
60,526
98,829

-1.3
1.2
-0.7
-4.3
-0.4
0.2
-0.3
-0.9
-2.1

Log(95/5)
Log(90/10)
Decile ratio
Gini

2.6
1.8
17.9
0.3644

2.6
1.8
17.5
0.3669

-0.8
0.2
-2.1
0.7

c

b

a

The unit of analysis is the individual, but income is measured at the census family level and divided by
the square root of the family size. Income is also expressed in 2000 constant dollars.
b
Similar levels of error were obtained for the 1982, 1985, 1990, and 1995 T1FF files. These results are
available from the authors upon request.
c
P1 refers to the first percentile of income. Other percentiles are similarly abbreviated.
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Table 3: Income inequality indices, Census-AT

Year
1980
1985
1990
1995
2000

a

Market income
Total income
After income tax income
Log(50/10)Log(90/50)Log(90/10) Gini Log(50/10)Log(90/50)Log(90/10) Gini Log(50/10)Log(90/50)Log(90/10) Log(95/5)

Gini

1.98
2.48
2.31
3.44
2.66

0.73
0.76
0.77
0.83
0.82

2.71
3.25
3.08
4.27
3.48

0.3923
0.4157
0.4142
0.4458
0.4387

0.99
1.02
0.99
1.09
1.03

0.67
0.70
0.70
0.72
0.73

1.66
1.72
1.69
1.81
1.76

0.3352
0.3445
0.3435
0.3574
0.3620

0.87
0.91
0.87
0.94
0.90

0.62
0.64
0.62
0.64
0.65

1.50
1.55
1.49
1.58
1.56

2.05
2.13
2.05
2.22
2.18

0.3083
0.3140
0.3070
0.3194
0.3219

1980-2000

34.4

12.2

28.4

11.8

4.0

8.9

6.0

8.0

3.5

4.8

4.0

6.1

4.4

1980-1990
1990-2000

16.5
15.3

6.1
5.7

13.7
12.9

5.6
5.9

0.7
3.2

3.3
5.4

1.8
4.1

2.5
5.4

-0.7
4.3

0.1
4.7

-0.4
4.5

-0.3
6.5

-0.4
4.9

1980-1985
1985-1990
1990-1995
1995-2000

25.6
-7.2
49.1
-22.7

5.0
1.0
7.7
-1.8

20.1
-5.3
38.7
-18.6

6.0
-0.4
7.6
-1.6

3.8
-3.0
9.5
-5.7

3.5
-0.2
3.6
1.8

3.7
-1.9
7.0
-2.7

2.8
-0.3
4.0
1.3

4.2
-4.8
8.5
-3.9

2.3
-2.2
3.0
1.7

3.4
-3.7
6.2
-1.6

3.8
-4.0
8.7
-2.0

1.9
-2.2
4.0
0.8

% Growth

a

The unit of analysis is the individual, but income is measured at the economic family level and divided by the square root of the family size.
Income is also expressed in 2000 constant dollars.
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Table 4: Mean after income tax income and components

a

4th to 6th percentile

49th to 51st percentile

94th to 96th percentile

7,020

24,754

55,147

3,264
2,473
405
212
173
3,873
503
796
673
1,901
116

26,370
23,324
1,321
1,111
613
2,468
570
740
787
371
4,084

66,971
54,419
5,562
5,608
1,383
1,653
297
351
684
321
13,477

7,343

25,702

57,178

3,298
2,595
201
227
276
4,235
661
855
567
2,151
190

27,424
23,884
1,186
1,195
1,159
3,525
1,055
455
1,431
584
5,246

73,119
58,470
6,016
5,650
2,983
2,731
631
140
1,426
533
18,672

6,934

26,738

61,959

2,507
1,850
180
173
304
4,538
330
1,395
668
2,144
112

28,379
23,871
1,434
875
2,198
3,884
653
391
2,074
766
5,525

80,540
65,545
6,042
4,090
4,863
2,496
345
14
1,584
552
21,077

1980
After income tax income
Market income
Wage income
Net self-employment income
Investment income
Retirement and other income
Transfer income
Employment insurance income
Child transfer income
Old age transfer income
Other transfer income
Income taxes paid
1990
After income tax income
Market income
Wage income
Net self-employment income
Investment income
Retirement and other income
Transfer income
Employment insurance income
Child transfer income
Old age transfer income
Other transfer income
Income taxes paid
2000
After income tax income
Market income
Wage income
Net self-employment income
Investment income
Retirement and other income
Transfer income
Employment insurance income
Child transfer income
Old age transfer income
Other transfer income
Income taxes paid
a

The unit of analysis is the individual, but income is measured at the economic family level and divided by
the square root of the family size. Income is also expressed in 2000 constant dollars. The means are
calculated for all individuals falling between the percentiles denoted in each column.
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Table 5: Income inequality indices, Census-AT

Year
1980
1985
1990
1995
2000

a

After income tax income
Log(90/10)
Log(95/5)
Gini

After income and payroll tax income
Log(90/10)
Log(95/5)
Gini

1.50
1.55
1.49
1.58
1.56

2.05
2.13
2.05
2.22
2.18

0.3083
0.3140
0.3070
0.3194
0.3219

1.49
1.54
1.48
1.55
1.53

2.04
2.12
2.03
2.19
2.15

0.3087
0.3139
0.3069
0.3177
0.3218

1980-2000

4.0

6.1

4.4

2.5

5.2

4.2

1980-1990
1990-2000

-0.4
4.5

-0.3
6.5

-0.4
4.9

-0.9
3.4

-0.8
6.0

-0.6
4.8

1980-1985
1985-1990
1990-1995
1995-2000

3.4
-3.7
6.2
-1.6

3.8
-4.0
8.7
-2.0

1.9
-2.2
4.0
0.8

3.0
-3.8
5.1
-1.6

3.6
-4.2
8.0
-1.8

1.7
-2.2
3.5
1.3

% Growth

a

The unit of analysis is the individual, but income is measured at the economic family
level and divided by the square root of the family size. Note also that the after income tax
income numbers also appear in Table 3, but are reproduced here for the purpose of
making direct comparison with after income and payroll tax income.
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a,b

Table 6: Income inequality indices, SCF-SLID

Market income
Log (90/10)
Gini

Year
1980
1985
1990
1995
b
2000

Total income
Log (90/10) Log (95/5)

Gini

After income tax income
Log (90/10) Log (95/5)
Gini

2.41
2.73
2.70
3.17
2.80

0.3688
0.3938
0.3947
0.4205
0.4093

1.60
1.59
1.59
1.62
1.65

2.06
2.08
2.07
2.10
2.18

0.3124
0.3206
0.3197
0.3308
0.3377

1.40
1.39
1.35
1.38
1.41

1.85
1.84
1.78
1.82
1.90

0.2848
0.2884
0.2805
0.2877
0.2959

1980-2000

16.3

11.0

3.5

5.9

8.1

0.6

2.4

3.9

1980-1990
1990-2000

12.2
3.7

7.0
3.7

-0.7
4.2

0.4
5.5

2.3
5.6

-3.7
4.5

-3.7
6.3

-1.5
5.5

1980-1985
1985-1990
1990-1995
1995-2000

13.2
-0.9
17.3
-11.6

6.8
0.2
6.5
-2.7

-0.5
-0.1
2.2
1.9

0.8
-0.4
1.8
3.7

2.6
-0.3
3.5
2.1

-0.6
-3.2
2.3
2.1

-0.6
-3.2
2.0
4.3

1.2
-2.7
2.6
2.8

% Growth

a

The unit of analysis is the individual, but income is measured at the economic family level and divided
by the square root of the family size.
b
To partially account for the break that occurred in the series in 1996, the value in 2000 was derived by
adding the growth in SLID between 1996 and 2000 to the value in the SCF in 1996.
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Figure 2a Lorenz curves - After income tax income
1.0

Cumulative income share

0.8

Line of perfect equality
1980
1990

0.6

2000

0.4

0.2

0.0
0.0

0.2

0.4

0.6

0.8

1.0

-0.2
Cumulative population share

0.20

Figure 2b Lorenz curves - Bottom 20% of after income tax
income distribution
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Figure 2c Lorenz curves - Top 20% of after income tax income
distribution

Cumulative income share

0.95
0.90
0.85
0.80
0.75
Line of perfect equality

0.70

1980
1990

0.65

2000

0.60
0.80

0.85

0.90

0.95

1.00

Cumulative population share

Figure 3: Percentiles of market income, Census-AT
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Figure 4: Percentiles of after income tax income,
Census-AT
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Figure 5: Log (95/5) of after income tax income,
Census-AT and SCF-SLID
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