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Abstract

This dissertation consists of three independent essays in applied econometrics.
Essay One: Unemployment and Criminality: Using Markov-Switching Models
to Identify a Link. This paper studies the existence of a relationship between the
unemployment rate and crime in the U.S. Using Markov Switching Autoregressive
models the behaviour of four crime variables and unempioyment rate during the pe-
riod of study is investigated and different regimes for each variable are determined.
Using some non-parametric measures such as the Concordance Index (Harding and
Pagan 2002) and Independence of Chronologies (Bodman and Crosby 2005), among
others, the independency of cycles of unemployment rate and crime variables is tested.
The results of this phase show that there is no relationship between the unemploy-
ment rate and burglary and motor. However, for larceny and robbery the results are
mixed. At the second phase, Markov Switching Vector Autoregressive models are also
used to determine the states for both unemployment rate and each of the crime vari-
able simultaneously. The results of this stage show that the effect of unemployment
rate on larceny and motor depends on the state of the variables. For larceny this effect
is either positive or null, and for motor it fluctuates between negative, null, and pos-
itive. Also the result shows that regardless of the state of the variables, the effect of
unemployment on burglary and robbery is negative and null, respectively.

Essay Two: Convergence in the Canadian Provinces: Evidence using Unemploy-
ment Rate. Quarterly time series data from Canada and the Canadian provinces for
the period 1976:1-2005:3 are examined to determine if the unemployment rates in the
Canadian provinces are converging to the national rate of unemployment. The paper
checks for existence of stochastic convergence using recent unit root statistics, see Per-
ron and Rodriguez (2003) and Rodriguez (2007); furthermore, it verifies the existence
of —convergence using recently proposed methods by Vogelsang (1998), Perron and
Yabu (2005, 2006), and Bai and Perron (1998, 2003).

Results from different unit root tests, without and with structural breaks, con-
firm that stochastic convergence holds in all provinces except British Columbia. Next,
the existence of B-convergence is tested using different approaches to estimate the
trend function. The results show that deterministic convergence holds and the unem-
ployment rates of the Canadian provinces are converging to the unemployment rate
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of Canada. This conclusion is stronger when multiple breaks are allowed in the trend
function, that is, using the approach of Bai and Perron (1998, 2003).
Essay Three: Persistence in Unemployment: Evidence from Canada and the
Canadian Provinces. This paper addresses the persistence of unemployment in Canada.
To test this issue, we use quarterly unemployment rate data from Canada and the Cana-
dian provinces from 1976-2005. First, we utilize different unit root tests, without and
with structural breaks, and confidence intervals for the autoregressive coefficients, to
test the null hypothesis of unit root. The results of these tests show that the unemploy-
~ ment rates in Canada and the Canadian provinces, except Nova Scotia and Quebec, do
not have a unit root and are therefore, not persistent. )

Next, we check for stability of the persistence property of the data, using the
Bai and Perron approach (1998, 2003), which allows for multiple breaks in data. The
results from this section show that the persistence is not constant and is regime de-
pendent. In addition, except for the unemployment rate in British Columbia, which is

persistent in all regimes, the other series are not persistent in most regimes.



Introduction

This dissertation is a collection of three independent essays in applied econometrics. The first
essay examines the relationship between the unemployment rate and crime in the U.S, using
Markov Switching models. The second and third essays deal with the unemployment rate in
Canada and the ten Canadian provinces. The second essay examines the issue of convergence
in the Canadian provinces and the third investigates the issue of persistence in the unemploy-
ment rates of Canada and the ten Canadian provinces.

Economic theory anticipates the existence of a positive relationship between the un-
employment rate and crime. However, results from past studies are mixed. Several studies
conclude that there is a positive effect of unemployment rate on crime; simultaneously, other
investigations show that this effect is negative and even null. In the first essay, we investi-
gate the relationship between the unemployment rate and four types of crime in the U.S. These
crimes are burglary, larceny, motor-vehicle theft, and robbery. Past studies tried to test the ex-
istence of a relationship between the unemployment rate and crime, directly using parametric
estimations through multiple regression, vector autoregression, and cointegration models. In
the first essay, we attempt to identify the link between the unemployment rate and crime not
only directly from the estimated coefficients in the models, but also indirectly, from cycles of
these variables. First, we use Markov Switching Autoregressive (MSAR) models to investi-
gate the behavior of each time series, the crime variables and the unemployment rate. The
results from these models show the cycles of each variable during the time span under study,
which can be used to determine different regimes for each variable. These regimes represent
the periods of high and low crime and the unemployment rates. Next, different indices can be
used to identify the synchronization of the cycles of the unemployment rate and crimes, (that
is, to see whether or not the cycles of the unemployment rate and the cycles of each crime
are independent from each other). We use three different methods to test the independence of
these cycles, and find that the unemployment rate has a significant relationship with robbery
and larceny, but has no effect on motor-vehicle theft or burglary. Furthermore, the relationship
between robbery and the unemployment rate and its lagged values, is positive. At the same
time, larceny has a negative relationship with the current rate of unemployment; however, the
lagged values of the unemployment rate has a positive effect on larceny.

Indeed, these results still ignore one possibility about the relationship between unem-
ployment and crime. It is possible that the unemployment rate has different effects on crime,
in different regimes of the unemployment rate. For example, a significant relationship between
the unemployment rate and crime might exist only when the unemployment rate is high and
there might be no relationship when the unemployment rate is low. To address this possibil-



ity in our study, we try to reinvestigate the link between the unemployment rate and crime,
using Markov Switching Vector Autoregressive (MSVAR) models. These models allow us
to determine different cycles for the unemployment rate and each one of the crime variables,
simultaneously. The results from the MSVAR models show that the impact of the unemploy-
ment rate on larceny and motor-vehicle theft depends on the regime of the variables. The effect
for larceny is either positive or null, and for motor-vehicle theft, it fluctuates between negative,
null, and positive. In addition, regardless of the regime, the influence on burglary and robbery
is negative and null, respectively.

The second essay examines regional disparities and convergence in the Canadian provin-
ces. Regional disparities have been in the center of policy makers concern for many years
since these disparities are capable of creating imbalances in the development process of any
country and of creating political problems. The disparity problem is important in any country;
however, it is more significant in diversified countries, like Canada. As Gunderson (1996,
p.1) stated, "[bleing a geographically large country with substantial heterogeneity in resource
endowments and accesses to markets, regional issues have always been important in Canada".

Convergence is a simple notion, which comes from neoclassical growth models for a
closed economy.! In these models, if the regions only differ from each other in the initial level
of per-capita income and capital, they will reach the same steady-state level. This is because
the productivity of capital in the poor regions is higher than in the rich regions. Therefore,
the underprivileged regions will experience a higher growth rate than the prosperous areas. If
the poor regions grow faster than the rich do, they will eventually catch-up, and the disparity
gap will shrink and eventually close. On the other hand, if the growth rates of the rich regions
are higher than that of poor regions, the disparity gap will increase over time. In this case, we
say that these regions are diverging from each other. This catch-up concept of convergence is
known in the literature, as deterministic convergence. Stochastic convergence is another form
of convergence. Simply, stochastic convergence exists if the disparity variable is stationary.
That is, shocks will have temporary effects on the disparity and it will return to its original
level.

Disparities can be defined using different variables, such as the relative per-capita in-
come, per-capita earning, wage, unemployment rate, and so forth. In essay two, we use the
provincial unemployment rates of Canada and the ten Canadian provinces to study the dispar-
ity issue. We use several recently developed methodologies to investigate the convergence,
or divergence, in the unemployment rates of these provinces. We use different unit root tests,
without and with structural breaks, to test for stochastic convergence. Furthermore, we use

I see Solow (1956) for example.



various methods to estimate the trend function, to address the deterministic convergence in
data. These methods are proposed by Vogelsang (1998), and Perron and Yabu (2005, 2006),
which allow for structural breaks in data. The results of this essay show that stochastic con-
vergence holds for all the Canadian provinces, except British Columbia. In addition, we find
deterministic convergence in these provinces, which indicates that the unemployment rates of
the Canadian provinces are converging to the national rate of unemployment. This conclusion
is stronger when multiple break points are allowed in the trend function.

The last essay of this dissertation examines the persistence of the unemployment rate.
The degree of persistence is the key factor in distinguishing the traditional theory of the un-
employment rate, i.e. the natural unemployment rate theory of Friedman (1968) and Phelps
(1967), from the hysteresis theory of unemployment rate (Blanchard and Summers, 1987).
According to the former theory, the unemployment rate is stationary about its mean. How-
ever, the latter theory suggests that the unemployment rate is persistent and is not stationary.
The hysteresis theory of unemployment is developed to explain persistently high unemploy-
ment rates in 1970s and 1980s, especially in Europe. In addition, it is very important for policy
makers to know whether the unemployment rate is persistent. When the evidence of persis-
tence is found, any interference in the labor market that changes the unemployment rate will
affect it for a lengthy period. Alternatively, when the unemployment rate is not persistent, the
effect of this interference will quickly disappear and it will return to its original starting point,
therefore, the interference will not be justified.

Existence of persistence in the unemployment rate can be studied using the root of the
time series data or using the autoregressive coefficients. When the series has a root equal to
unity, then it will be nonstationary and will support the hysteresis theory. This is also true when
the autoregressive coefficient or the sum of the autoregressive coeflicients, is larger than or
equal to one. Unit root tests and confidence intervals for the largest autoregressive coefficient,
or the sum of the autoregressive coefficients, can be utilized to test the integration degree of
the data. If any time series is integrated, of order one, I (1), or the confidence interval of its
autoregressive root(s) contains unity, then it is not stationary and any shock to this data will
have a permanent effect. This type of data will not return to its mean, in other words, it is
a persistent time series. We use these tools to study the existence and degree of persistence
in the unemployment rates of Canada and the ten Canadian provinces. The results show that
the unemployment rates in Canada and provinces are not persistent, the exception being the
unemployment rates in Nova Scotia and Quebec.

Next, an interesting question regarding these unemployment rates is whether their per-
sistence property is stable or has changed over time. We use the approach of Bai and Perron

(1998, 2003) to answer this question. This approach allows for multiple break points in data.



Results show that all series, except the unemployment rate in Quebec, have at least one struc-

tural break. In addition, persistence is regime dependent. Furthermore, except for the unem-

ployment rate in British Columbia, which is persistent in all regimes, the other series are not

persistent in most regimes.

(1]

(2]

[3]

[4]

[6]

(7]

[9]

[10]
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Chapter 1
Unemployment and Criminality: Using
Markov-Switching Models to Identify a

Link

1.1 Introduction

Although economic theory anticipates the existence of a positive relationship be-
tween unemployment and crime, empirical works in this regard found mixed results.
Chiricos (1987) reviewed 68 studies about the relationship between crime and the
unemployment rate and found that only less than half of these studies have found
positive significant effects of the unemployment on crime rates. That is, most of
these studies show a negative or no relationship between crime and unemployment.

Some authors argue that the source of disagreement among the results comes
from the type of data that has been used; see Kapuscinski, Braithwaite, and Chapman
(1998).

Cook and Zarkin (1985) presented an analysis of the business cycle and its im-
pact on homicides, robbery, burglary, and auto theft using U.S. data for the period
1933-1981. Using a nonparametric test based on the changes in criminal activity
during the entire business cycle, they showed that an increase in robbery and bur-
glary is higher during economic contractions than expansions. Furthermore, more
auto theft occurs during expansions relative to contractions. Using other set of tools,
they found a positive relationship between the unemployment rate and robbery and
burglary but this effect was negative for auto theft.

Hale and Sabbagh (1991) investigated the effect of unemployment on eight
types of crime in England and Wales. They found that there is a significant relation-
ship between unemployment and five kinds of crime. Their results also show that
there is no relationship between unemployment and auto theft. Property crimes in-
cluding theft, burglary, and robbery had positive relationships with changes in the



unemployment rate. Robbery had negative relationship with changes in the unem-

ployment rate at the previous period.

Using age-specific arrest rates and an age-specific unemployment rate, during
1958-1995, Britt (1997) found that unemployment has a negative effect on homicide
and aggravated assault for the younger age groups and a positive effect for older age
groups. Witt, Clarke and Fielding (1999) found a positive relationship between crime
and the male unemployment rate.

Entrot and Spengler (2000) used panel data methodology to study the effect
of socio-economic factors on crime. They used two data sets, one only for West
Germany and the other for unified Germany. The result of the first data set shows
that the effect of unemployment is small, often insignificant, with ambiguous signs.
On the other hand, the results from a unified Germany (1993-1996) indicate that the
impact of unemployment becomes higher and unambiguously positive.

Greenberg (2001) used time series data, cointegration, and error correction
models to investigate the relationship between divorce rates and unemployment on
robbery and homicide rates in U.S. He concluded that lagged values of unemploy-
ment and unemployment duration have a negative effect on robbery. His finding is
consistent with the finding of a previous study by Cantor and Land (1985). Raphael
and Winter-Ebmer (2001) analyzed U.S. data and their findings show that the unem-
ployment rate has a significantly positive effect on property crimes, but not on the
violent crimes.

The same conclusion is obtained by Levitt (2001) using a state-level panel of
annual data for the period 1950-1990 in U.S. Imrohoroglu et. al. (2004) analyzed the
trends in the aggregate property crime rate in the U.S. for the period 1975-1996, using
a dynamic equilibrium model. They tried to investigate the factors that determine the
pattern of this kind of crime. They found a negligible effect of the unemployment
rate on crime. Edmark (2005) using a panel of Swedish counties over 1988-1999
showed that there is a strong positive relationship between the unemployment rate,
burglary, car theft and bike theft.

Recently Lee and Holoviat (2006) used the cointegration approach to identify
a long run relationship between unemployment and a set of crime variables in three
Asian-Pacific countries. They found a long-run relationship, in particular between

unemployment of young males and crime.



Most of these studies were carried out using multiple regression models, vector
autoregression or error correction models. All of these methods assume a stable be-
havior of the variable under examination. However, the unemployment rate directly
related to business cycles and has a cyclical pattern so linear models may provide
a weak fit. Consequently, one needs to use non-linear models, such as the Markov
Switching (MS) models (Hamilton, 1989).These models have the capability to cap-
ture changes in the behavior of time series by allowing the switching between regimes
or states. MS models have been used widely in the literature and have proven their
ability to explain the changes in pattern of time series. Hamilton (1990) introduced
the expectation maximization (EM) algorithm for estimating the parameters of these
kind of models. Kim (1994) extended the concept of the MS model to-state-space
models and suggested an approximate smoothing algorithm. Albert and Chib (1993)
proposed Gibbs sampling methods. Some authors tried to extend the original model
proposed by Hamilton (1989) by including time-varying or duration dependent tran-
sition probabilities. For example, Durland and McCurdy (1994) studied the duration
dependent case and Filardo and Gorden (1998) estimated transition probabilities as a
function of exogenous information.

This paper has two goals. The first goal is to study the behavior of different
types of crime and the second goal deals with the potential relationship between the
unemployment rate and the different crime rates in the U.S. Our sampling period
covers 1975:1 until 2004:4 and four types of crimes are analyzed: burglary, larceny,
motor-vehicle theft (motor), and robbery.

The Markov-Switching methodology is used to investigate the behavior of the
unemployment rate and crime variables and link them, using the data above men-
tioned. The remaining portion of this paper is organized in two phases. The first
phase consists in using MS-AR models to investigate the behavior of the crime vari-
ables and the unemployment rate during the period of study and determine different
regimes for each variable. Next, using some non-parametric measures such as the
Concordance Index (Harding and Pagan 2002) and the Independence of Chronolo-
gies (Bodman and Crosby 2005), the independency of cycles of the unemployment
rate and crime variables is tested. In the second phase, the Markov-Switching Vector
Autoregressive models will be used to determine the states for both the unemploy-

ment and crime variable simultaneously. These models will also be used to inves-



tigate the effect of unemployment on crime variables at different regimes of these
variables. The reason for using this method is the following: the unemployment rate
may influence the crime rates differently in separate states and disregarding this fact
may cause the mixed results reported in the previous studies.

1.2 Methodology

The switching model was motivated by Quandt (1972) and Goldfeld and Quandt
(1973). It has been popularized by Hamilton (1989) with an application to business
cycles. In the switching model introduced by Quandt (1972) the switching mecha-
nisms are independent from each other, whereas in the switching model of Quandt
and Goldfeld (1973) and Hamilton (1989), switching is governed by a first order
Markov chain.

Consider the case of a single? stationary variable y;, and assume that the re-
alized values of this variable for ¢ = 1,2,...,T7 can be described with a first-order
autoregression:

Y = C1+ P1Yi-1 + € (1.1)
where ¢; ~ N(0,0?). Now assume that there is a jump or structural change in this

variable at time 77 which leads to the model
Y = C2 + Poli—1 + & (1.2)

fort = T1+1,T1+42, ..., T. These two models could be compressed into one equation
as follows
Ys = 1+ prYi—1 + 0D + vDyyr 1 + €&, (1.3)
where the variable D; takes values of 0 and 1 for ¢t < T; and ¢ > T3, respectively, or
alternatively
Yt = Csy + P, Yt—1 + €4, (1.4)
where s; takes values of 1 and 2 before and after a change in y;, respectively. In other
words, the period ¢t < T is represented by s; = 1 and the period after jump, ¢t > T3
by s; = 2.

2 Although the case of a single variable is discussed here, the framework may be easily extended for
more than one variable.



Nevertheless, these models have three shortcomings. First, the exact date of
the jump has to be known a priori to be able to use the dummy variable. Second,
it is not satisfactory to use this model to forecast the behavior of y;. Third, s; is
treated as a deterministic variable and is perfectly predictable, which is not a realistic
assumption.

Therefore, to solve these problems and to complete the data generating process
one needs to include a description of the probability law for s;. In the MS model, the
switching mechanism is controlled by an unobservable state variable called s;. This
state variable follows a first order Markov chain. In other words, the value of this
state variable at period ¢ depends only on its value at period ¢ — 1.?

The switching model for y; is given by

_ ) atplaté, = 1
! Co+ poyi—1 e, =2 [

This model shows two different dynamic structures, depending on the value
of the state variable s;. Different assumptions about s; generate different models.
When s; = 1fort = 1,2,...,7yand s, = 2 fort = 11 + 1,77 + 2,..., T, this
model is nothing but a model with a single structural change at time 77. When s;
are independent Bernoulli random variables, this model corresponds to the random
switching model of Quandt (1972). If s; is considered as an indicator variable such
that s; = 1 or s; = 2 respectively for ¢ < c and ¢ > c, where c is the threshold
value, this model becomes a threshold model. When s; follows a Markov process
this model is the MS model.

In the MS model, the properties of y; are determined jointly by the characteris-
tics of ¢; and the state variable s;. The state variable generates random and frequent
changes in the pattern of the model. To describe the full dynamics of the variable,
a probabilistic description of how the variable s; moves from one state to another is

needed. First order Markov chain implies that these probabilities are:

Pr(s; = jlse—1 = 4,802 =k, ...; Y4—1, Y2, --.] = Prlse = jlss1 = i] = pyj.

3 Since the realization of the state variable is not directly observable, sometimes these models are
called Hidden Markov models.
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The transition between states or regimes can be represented using a transition

probability matrix. For a simple model, which has only two regimes, this matrix 1s

p — Pr(s;=1ls;_1=1) Pr(s; =2|s4-1 = 1)
Pr(s; = 18421 =2) Pr(s;=2|s4-1=2)
— P11 P12
P21 P22 |’
where p;; (1,7 = 1,2) indicates the transition probabilities of s, = j given that

St—1 =t and p;; + pip = 1.

There are different ways to estimate the MS models. Examples include, the
maximum likelihood estimation (MLE) of Hamilton (1989), the expectation max-
imization (EM) algorithm proposed by Hamilton (1990), and the Gibbs sampling
approach of Albert and Chib (1993). See also Krolzig (1997) and Kim and Nel-
son (1999). The EM algorithm has been designed to estimate the parameters of a
model where the observed time series depends on an unobserved or a hidden sto-
chastic variable. As mentioned earlier, y; is directly observable but the state variable
is unobservable and one can only make inference about its value based on the real-
ized values of y;,. Formally, let &, = Pr[s; = i[; 8], for ¢ = 1,2, where Q; refers
to the information set (i.e., the set of observations available at period t) and 6 is the
vector of parameters to estimate. In general, inference is iterative fort = 1,2, ..., T,
in the sense that the previous value &,,_; = Pr[s;_; = ¢|Q:—1; 0] is taken as input.

For inference purpose the densities under the different states are needed. As-

suming normal fundamental they are given by

e = flyglse =14,Q1;0)

1 exp[— (yt —C; — Pyt—1)2]
o2no 202 '

The conditional density of the ¢-th observation can thus be calculated as

2 2

ytlﬂt 17 Zzpljé‘]t 17t

i=1 j=1
and therefore:
E?:l Pii€je—175t
f(ytlﬂt_l; 9)

£t =
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Using these results and iteration one can get the conditional log likelihood of

observed data as following:

T
Log f(y1,, -+ yrly0; 6) = > Log f(y:|C-1;6)

t=1
for the given values of 4. To estimate §, numerical optimization is used to maximize
the conditional log likelihood using some starting values for & jo- Assuming that the
Markov chain is ergodic* the unconditional probabilities can be used as initial values.
They are defined by

§ = P rfs = j]
1—py
2 — pii — Djj

Once the coefficients of the model are estimated and a transition matrix is cal-
culated, one can calculate the probability of being in state 7 at each period of time,
based on the information of the whole sample. This series of probabilities is known
as "smoothed probabilities". In addition, one can calculate the probability of being
at state j at each time only based on the information up to that date (not the whole
sample), the corresponding series of probabilities is known as "filtered probabilities".

In an autoregressive framework, there are several options concerning the regime-
dependency of parameters. Regime-dependent parameters could be the intercept (I),
the autoregressive coefficients (A), the variance (H), or their combinations. For ex-
ample, a MSI model denotes a MS model with a regime dependent intercept. A
MSIA model denotes a MS model where the intercept and the autoregressive coeffi-
cients are regime dependent.

The MS models have been used particularly in modeling business cycles. One
interesting issue in this context is the analysis of asymmetries. There exists different
measures of asymmetries depending whether the model is parametric or non para-
metric. In the last case, the most popular measures of asymmetries are steepness,
deepness, and sharpness. Sichel (1993) defined an asymmetric cycle as one in which

some phases of the cycle are different from the mirror image of the opposite phase.’

4 Tts transition matrix has at least one eigenvalue equal to unity. Recall that the two regime Markov
chains are ergodic, provided that p;; < 1, peg < 1, p11 + p22 > 0,

> Other types of asymmetry such as asymmetric persistence to shocks (see Hess and Iwata, 1997) and
duration dependence (see Sichel, 1991, Filardo and Gordon, 1998) are widely used in the parametric
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Consider a stationary univariate process y; with mean (, and standard deviation
oy. The process y; is called symmetric if the following condition holds for all € €

Prly, < u, — €] = Pr(y: > p, +¢l.

In the literature on asymmetries, different ways have been suggested for testing
for steepness and deepness. Sichel (1991) suggests the use of the skewness as an
indicator of asymmetry, defined by

_E lye — 1 J°
Ty = —

y
One can infer about the type of asymmetry based on the sign of 7. The type of this
asymmetry is named deepness if 7, < 0. There is tallness if 7, > 0.

Steepness of the distribution deals with the changes in the process over time,
namely Ay,. Since y; is assumed to be stationary therefore its mean would be equal
to zero, i, = 0 and to satisfy the symmetric condition the following must hold for
alle € R:

Pr[Ay, < —¢] = Pr[Ay, > €].

Similarly, the degree of asymmetry can be measured by using the skewness
coefficient of Ay,. It is denoted by 7,,. This coefficient shows that when 74, < 0
the asymmetry exists and is called negative steepness. On the other hand, 74, > 0
shows positive steepness.

Neftci (1984) used the duration of increases and decreases as an indicator for
steepness of the time series. When the duration of increases is higher than the du-
ration of decreases in the time series, the contractions are for sure steeper than the
expansions.

The last measure of asymmetries for the non-parametric models is sharpness
which has been introduced by McQueen and Thorley (1993) and implies that the
shape of troughs and peaks are not the same ( e.g. one is round and the other is
sharp). Formally, a process is "non-sharp" if and only if the condition p,; = pnn
and py, = pnn is satisfied for all n % 1, N; and p;1y = pn1- So, in a two state
model, non-sharpness requires to have p12 = po;. In a MS model with three regimes,

non-sharpness is obtained if py2 = p3a, P13 = P31, and Pa; = Pos.

models.
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1.3 Data

For this study, quarterly data of four crimes series (Burglary, Larceny, Motor-Vehicle
Theft, and Robbery) for the U.S. is used. The data is obtained from the Uniform
Crime Reports of the Federal Bureau of Investigation (FBI). This data consists of
120 observations for the period of 1975:1 to 2004:4, and shows the number of each
crime per 100,000 of population. The data for the quarterly unemployment rates is
taken from the Bureau of Labor Statistics.

The data is seasonally non-adjusted. We use the TRAMO/SEATS procedure of
Gomez-Maravall (1992) to remove the seasonality and detect the presence of outliers
in the series.

The presence of unit roots is formally tested by using the ADF, GLS-based
Augmented Dickey-Fuller statistic, and the feasible point optimal statistic suggested
by Elliott, Rothenberg, and Stock (1996). The null hypothesis of a unit root is not
rejected for any of the crime series. It means that all crime time series are I(1)
processes. On the other hand, the unemployment rate appears to be stationary, that
is, 1(0).

1.4 Empirical Results of the Univariate MS-AR Models

Given previous results of the unit root tests, the crime series are modeled in first
differences and the unemployment rate enters in level. A generalized version of the
model suggested by Hamilton (1989) is estimated. All estimations are carried out
using the MSVAR class for Ox by Krolzig (2005).

Before estimating the MS models, a linear model is specified. The lag length
is determined by using information criteria such as AIC, BIC, and HQ. Using the
selected lag structure, MS models with two and three states are estimated, allowing
for changes in the intercept, variance and autoregressive parameters. Based on the
information criteria and the LR statistic, we select the best fitting MS models. The
null hypothesis of linearity is rejected for all selected models.

As Krolzig (1997) argues, a general test to compare two models with different
number of regimes is unavailable. The issue is that regular asymptotic theory fails
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because of the presence of unidentified nuisance parameters and violation of the non
singularity conditions.

A close examination of these models reveals that the selected models for bur-
glary, larceny, and robbery can satisfactorily capture the movement of these series.
However, the selected models of motor-vehicle theft and the unemployment rate do
not fit well, so other models were selected to be able to explain the movements of

these series.

1.4.1 Burglary

For this time series two MS models have been selected. The two selected MS models
for burglary rates are the MSIH(2)-AR(1) and the MSIH(3)-AR(8). Table 1 shows
results for the model MSIH(2)-AR(1). The null hypothesis of linearity for this time
series is rejected. Overall, the results show that at the first regime, a decrease in the
rate of burglary is present, and in the second regime, this rate increases or remains
constant. Therefore, the first regime stands for lower and the second regime is for
higher burglary rates in the U.S.

Based on the transition probabilities, it is clear that both regimes are very per-
sistent with probabilities of 90% and 96%, respectively for the first regime (lower
burglary rates) and the second regime (higher burglary rates). In addition, the uncon-
ditional probabilities of being at the lower and higher burglary rate regimes are 29%
and 71% respectively. The transition probabilities reveal that the duration of the first
regime is 10.2 quarters, whereas the second regime has a duration of 24.7 quarters.
This indicates the presence of asymmetries in duration of the regimes of lower and
higher burglary rates. It means that the periods of reduction in the rate of burglary
are much shorter than the periods with positive change at this rate.

The results also show that only 34% of the observations for burglary are cat-
egorized in the first regime. It means that between the second quarter of 1977 and
the end of 2004, in only 37.6 quarters the rate of burglary was declining. Concern-
ing the standard errors, the model allows for different variances for each regime. In
fact, the results show that the second regime is much less volatile than the first regime

(standard error of 9.46 compared to 22.6).
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The smoothed probabilities and the filtered probabilities of being at each regime
at each point of time are visualized at Figure 1a. It shows that the first regime (lower
burglary rates) is formed by the periods 1977:2-1981:3, 1983:4-1985:1, and 1988:3-
1990:3. The same figure also shows that observations since 1990:4 until the end of
the sample form the second regime (higher burglary rates).

Testing for asymmetries, we obtain that the hypothesis of non-sharpness, non-
deepness, and non-steepness cannot be rejected for this model. Therefore, the cycles
are symmetric.

The other selected model is the MSIH(3)-AR(8). In this case we have three
regimes and a larger lag structure. The null hypothesis of linearity is again strongly
rejected. As in the previous model, this model allows for heteroscedasticity among
the regimes. Table 1 presents the results. The first two regimes have negative inter-
cepts, however, the first one is not significant so the first regime shows the periods
with no significant changes at the rate of burglary and the second regime stands for
the periods with negative changes at the rate of this kind of crime. The third regime
has positive intercept and stands for higher burglary rates. In this model, all the au-
toregressive coefficients are statistically significant.

The transition probabilities show that the third regime (higher burglary rates) is
the most persistent regime with a probability of 94%, and the second regime (lower
rate) is less persistent with 35%. Furthermore, there is a 25% chance to move from
the first regime (constant rate of burglary) to the second one and only 2% to move to
the third regime. Moreover, if this variable is at the second regime at time ¢, there
is a higher chance to move to the first regime than to the third regime. As for the
third regime, the probability of moving from this regime to the second regime is
only 0.02%; this indicates that the burglary rates almost never changes from the third
regime to the second one directly. In other words, if there is a positive change in the
burglary rates at any period, then it would be very unlikely to see any decreases in
this rate at next period.

As in the previous model, the third regime (higher burglary rates) has the
longest duration and it continues more than 17 quarters, while the second regime
lasts less than two quarters. These duration periods can be translated to the share
of each regime in the sample; the higher the duration the higher is the share of that
regime. In this case, 33% of observations fall into the first regime, 54% in third
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regime, and only 13% into the second regime. Therefore, in most of the period under
study burglary was high in the U.S.

According to the standard errors of the regimes, it is observed that the first
regime has the highest volatility (21.37) and the second regime the lowest (0.33). At
the same time, the standard error of the third regime is 8.5.

Figure 1b shows the smoothed and the filtered probabilities of being at each
regime. It is observed that the burglary rate fluctuates among regimes between 1977:2
and 1993:3. However, it has stayed at the third regime since 1993:4, which means
that there was not any significant decline at the rate of burglary since this period.

Tests of asymmetry (with a x? values of 0.712, 0.268, and 0.900, respectively)
do not show any evidence of asymmetries in cycles. Therefore, different duration of

regimes is the only source of asymmetry for this variable.

1.4.2 Larceny
Application of the TRAMO/SEATS procedure of Gomez and Maravall (1992) indi-

cates the presence of an outlier at the observation 2003:2. A dummy variable (im-
pulse type) is used to take this observation into account.

All information criteria indicate that the preferred model is the MSI(2)-AR(1).
Notice that this is the simplest MS model. This model has only two regimes, no
heteroscedasticity and a simple lag structure.

Table 1 presents the results for this model. Results show that the first regime
has a negative intercept, the intercept of the second regime is positive and both of
them are significant. The coefficient of the dummy variable for the outlier is negative
and significant. According to these results, the first regime stands for the periods with
decreasing rates of larceny and the second regime shows the periods with increasing
rates of larceny.

The durations of the regimes are 2.93 and 12.17 quarters, respectively. From
111 observations included in the estimation, the first regime accounts for only 20% of
the observations (22.6 quarters) while the second regime accounts for 88.4 quarters.
The transition probabilities indicate that the second regime is more persistent than
the first regime with a probability of 92% compared to 66%, respectively. It means
that, if there is an increasing rate of larceny at any period, it will be very difficult to
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return to a regime with a decreasing rate. The unconditional probabilities of being at
the regimes with lower and higher rates of larceny are 19% and 81% respectively.

Figure 2 shows the smoothed and the filtered probabilities of larceny in the two
regimes. According to these results, the first regime is consists of 1977:2-1978:1,
1980:1-1980:4, 1991:1-1991:2, 1996:4-1997:1, 2001:1-2002:1, 2004:2-2004:3. No-
tice that most of these periods last only for two quarters.

The values of the x? statistic for the hypothesis of non-sharpness and non-
deepness are 6.3 and 5.8, respectively. It means that the null hypothesis can be re-
jected in favor of the alternative. Consequently, the cycles are not symmetric on these

features. However, there is no evidence of steepness.

1.4.3 Motor-Vehicle Theft
For this variable, the AIC and the LR test suggest that the best model is a MSIAH(2)-

AR(1). However, as mentioned earlier, a close investigation of this model reveals that
it does not fit the data and it cannot capture the movements of this time series. At the
same time, the SIC suggests a MSI(2)-AR(1) as the best model which matches the
data and its movement well. Therefore, this model is selected as the best model for
the motor- vehicle theft variable.

Table 1 shows the results for this model. The intercepts are negative and pos-
itive respectively for the first and second regimes. However, only the second inter-
cept is significant. The coefficient of the lagged variable is not significant. The first
regime shows the periods with negative change at the rate of motor-vehicle theft, and
the second regime stands for the periods with positive changes of this rate.

Both of the regimes are very persistent and there is a 4% probability of moving
from the first (lower rates of motor-vehicle theft) to the second regime (higher rates
of motor-vehicle theft). The opposite direction has an 8% probability.

The results also indicate that 35% of the observations are classified in the higher
rate regime. The expected duration of this regime is 13 quarters compared to 24 for
the first regime.

Figure 3 shows the smoothed and the filtered probabilities of being at each
regime. It shows that periods 1978:2-1983:1, 1990:4-2000:1, and since the second
quarter in 2002, the variable is at the first regime. That is, the change at the rate of
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motor-vehicle theft in the U.S is negative. For the rest of the sample, the changes in
motor-vehicle theft have been positive and the rate of motor-vehicle theft was higher.
According to the tests for asymmetry, all the cycles are symmetric at the 5%

level.

1.4.4 Robbery

Two additive outliers are identified by using the procedure TRAMO/SEATS. They
are located at observations 1993:1 and 1994:1. All information criteria select the
model MSTH(2)-AR(1).

Table 1 presents the estimates. The first regime stands for all the periods with
negative changes at the rate of robbery (lower robbery rates) and the second regime
shows all the periods with positive changes in this rate (higher rates of robbery).

The second regime is more volatile than the first regime. It is reflected by
the corresponding standard errors. The expected durations are 9.0 and 6.8 quarters,
respectively for the first and second regimes. The lower robbery rates regime includes
67% of the observations (62.6 quarters). Transition probabilities indicate that both of
the regimes are persistent, with probabilities equal to 89% and 85%, respectively. It
means that if there is a negative change (positive change) in this rate at any period,
then there is a high probability to have a negative change (positive change) at the next
period.

Figure 4 visualizes the smoothed and the filtered probabilities for both regimes.
The longest period with a decreasing rate of robbery is 1993:4-2002:1, which con-
tains 34 quarters. The rest of the study period is oscillating between the regimes.

The only form of asymmetry is the different durations. All the other asymmetry
tests indicate symmetry of the cycles, indicating that the cycles are not sharp, deep,

or steep.

1.4.5 Unemployment Rate

Although the information criteria have selected the MSI(2)-AR(3) and the MSI(3)-
AR(3) as the best models, these models cannot capture the movements of the series.
The model that can fit the data well and describe the changes of the unemployment



19

rate in the U.S. is the MSIAH(2)-AR(3). The LR linearity test strongly supports the
non-linearity in this variable.

Table 2 shows the results of estimation of this model. This model allows for
regime dependent autoregressive parameters and variance, so there are different es-
timations for coefficients of lagged variables in regimes. The estimated standard
errors are 0.119 and 0.285, respectively, for regime 1 and 2. Therefore, the regime
with higher unemployment rates is more volatile than the first regime.

Regime 1 shows all the periods with negative changes at the unemployment
rate in the U.S and the second regime stands for all the periods with positive changes
at this variable.

The expected duration of low unemployment is almost three times larger than
the duration of higher rates of the unemployment. During the period of study, 79
quarters form the regime of low unemployment rate and the rest (32 quarters) is
classified as the second regime (higher unemployment). Regime 1 is more persistent
than the second regime based on the transition probabilities, with probabilities of
94% and 84%, respectively, to stay at the same state at the next period.

Figure 5 shows the smoothed and the filtered probabilities for both regimes.
The only periods with high unemployment rates are 1979:1-1984:3, 1990:3-1992:1
and 2001:1-2001:4. These periods almost perfectly corresponds to the recession pe-
riods in U.S. At the rest of study period the unemployment rate in the U.S. was at a

lower regime.

1.5 Synchronization of Cycles

So far, MS models for each single time series has been estimated and their properties,
such as expected durations, transition probabilities, and asymmetries have been in-
vestigated individually. One of the questions of interest in this paper is the existence
of any relationship between the unemployment rate (as an indicator of the condi-
tion of the economy) and the crime variables. In order to answer this question one
can test whether the timing of the cycles of the unemployment rate and the crimes
under study in this paper are similar or not. In other words, one can check for syn-
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chronization of cycles; that is, to see whether higher unemployment rate periods are
independent from the higher crime rates regimes or not.’

In the following section the unemployment rate will be considered as the ref-
erence variable and its cycles as the reference cycle. These cycles will be compared
with cycles of the crime time series to test for common cycles. For this purpose, the
Concordance Index (CI), proposed originally by Harding and Pagan (2002), a method
proposed by Bodman and Crosby (2005), and Pearson’s contingency coefficient will
be used.

The CI is a non-parametric statistic that shows the proportion of time that two
series are in the same regime. For two series z; and y; fort = 1,2, ..., T, let S;4(Syt)
be a dummy variable that takes the value of unity when z(y;) is in regime ! and
value of zero when it is not in regime 1. Then the CI for z, and y; is given by the

following expression

Cl= T—l{z SztSyt + Z(l - Sxt)(l - Syt)}'

t=1

For example, a value of 0.8 for this index means that two series of x; and y;
are in the same regime 80 percent of the time. Since CI is defined as the proportion
of time that two series are in the same state, this index is bounded between zero and
unity. The CI index has a value of unity when S;, = S,, and value of zero when
Sy, = (1 — S;,). These two series are called pro-cyclical if CI = 1. They are
counter cyclical if CI = 0.

It is natural to say that having a high concordance index means high common
cycle. However, the question is how high should it be to interpret that as pro-cyclical?
Even for two unrelated series, the expected value of the concordance index may be
0.5 or higher.”

6 It should be mentioned that there is no agreement about the definition of synchronized cycles.

7 For example, consider tossing two fair coins, the probability that both coins are in the same state
(either heads or tails) is 0.5.
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The above formula for concordance index can be written in a different way as

follows

T
CI = 14277 5,85, — ps, — ks,
t=1
1+ 2p505,08, + 2Ug, ls, — Bs, = Ks,»

I

where pg is the estimated correlation coefficient between S;, and S,,. If S;, =
Sy, or Sy, = (1 = 8,), then 05,05, = o%_ so the value of unity for this index
corresponds to pg = 1 and value of zero to pg = 0. Therefore, pg = 1 (pg = —1)
shows that two cycles are perfectly positively (negatively) synchronized, and they are
unsynchronized when pg = 0. -
Assuming that the two series are statistically uncorrelated (pg = 0), the ex-

pected value of this index will be:
E(CI) =14 2ug, ps, — ks, — Hs, -

The expected value of being at each regime can be measured by dividing the
number of periods at that regime by T. Now, this expected value can be compared
with the calculated value from the series. If the former is smaller than the latter, one
can say that there is a link between the cycles. This says that the number of periods
where the series are in the same state is higher than if they were uncorrelated. If the
former is larger than the latter, one can conclude that these series are counter-cyclical.
The significance of this result has to be checked, though, to see whether the ratio of
these two is statistically different from 1 or not.

Another problem that exists with using this index is that it depends on the
expected values of S;, and S,,, that is their mean. Suppose that the mean of S,
and S,, is 0.5 and these two series are unsynchronized, then the expected value of
the concordance index will be 0.5 which confirms the assumption that they were
unrelated. But if the regime that takes value of one has higher duration than the other,
the mean values of the series will be higher than 0.5. Now, assume that the means are
0.8, therefore, the expected concordance index will be 0.68 which is higher than 0.5,
and one may think that these two series have common cycle even though they are not
related. Therefore, the mean value of the series has to be taken into account. For this

purpose the mean corrected concordance index (Artis et al, 2004) is considered.
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Let S, = 71 Z;‘le Sz, indicate the estimated probability of being at regime
1. Then the mean corrected concordance index will be

T
CI®™ = 2T (S, — o) (Sy, — Sy).-
t=1

As mentioned before, one of the shortcomings of the concordance index is that
it does not allow for a statistical testing of the result. Harding and Pagan (2002)
suggested that one can use a regression model to deal with this problem. To do so,

the following regression can be used
0.1 Sy, = a1+ pgog) S, + Uy

Now, the hypothesis that pg = 0 can be tested using the t-ratio of the coefficient
of the nglSzt. In this regression, when the null hypothesis is true, the error term
inherits the serial correlation properties of S,,. In addition, S, is strongly serially
correlated, so robust estimated standard errors have to be used [such as HAC Newey-
West method].

Using the regime classifications based on the MS models the calculated Cls are
less than the expected Cls (under the assumption that the series are uncorrelated) ex-
cept for robbery. Also the estimated correlation between the unemployment rate and
burglary, larceny, motor-vehicle theft is negative; however, it is positive between the
unemployment rate and robbery. This shows that the relationship between the un-
employment rate and burglary, larceny and motor-vehicle theft is counter-cyclical.
However, this relationship is pro-cyclical between the unemployment rate and rob-
bery. According to the robust t-ratios reported at Table 3, only the results for larceny
and robbery are statistically significant at 5%; so only two of the crime variables are
significantly contemporaneously concordant with the unemployment rate cycle.

In summary we find no contemporaneous relationship between the unemploy-
ment rate and the following crimes: burglary and motor-vehicle theft. There is a
negative and a positive contemporaneous relationship between the unemployment
rate and larceny, and robbery, respectively.

The previous results were based on the assumption that the relationship be-
tween crimes and the unemployment rate, if there is any, is contemporaneous. We
next investigate the concordance index of the lagged values of the unemployment
rate and crime variables, assuming that changes in the regime of the unemployment
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rate at time ¢ — ¢ may related with change at the regime of the crime series at time ¢,
where ¢ shows the number of lagged periods.

The results are the same for the relationship between the unemployment rate,
burglary, motor-vehicle theft, and robbery. However, results change for larceny: cor-
relation between the unemployment rate with one quarter lag and larceny is the same
as for the contemporaneous case (negative and statistically significant at 10%) while
it is not significant with two and three lags. With introducing higher lags the results
change, the unemployment rate with four and five quarters lag show a positive and
significant correlation with larceny. This is the case even with higher lags of the un-
employment rate. Therefore, there is a positive relationship between larceny at time
t with past values of the unemployment rate.

Another method used to test for any similarity or dissimilarity between the
cycles of unemployment and the crime variables is the method proposed by Bod-
man and Crosby (2005). Bodman and Crosby used a simple but intuitive statistical
method. Assume that the probability of being at regime 1 (lower regime) for the
unemployment rate and robbery is 10%. Therefore, these two variables will be in
regime 1 jointly only with 1% probability if they are independent from each other.

Hence, define a dummy variable S, to be 1 when the series is in regime 1
and O otherwise, and take these as the realization of independent Bernoulli trials with
length T" (sample size). Now assume that the probability of being at regime 1 is p; for
each time series. Under the null hypothesis of independence, the expected number of
periods that two series jointly spend in regime 1 will be p; x p; x T', with a standard
deviation equal to [(p;p; x (1 — pip;)]*/2.

Using the Markov Switching regime classification from the previous part of the
paper, dummy variables are defined for being at the lower regime for each time series.
None of the results are statistically significant even at the 10% of significance level.
Therefore, based on this method the unemployment rate and all the crime variables
under study are independent, and there is no significant relationship between the
unemployment rate and crimes.

The conventional contingency table statistics, so called Pearson’s contingency
coefficient can be used to test for any form of relationship between the unemployment
rate and the crime. The classification of the regimes for each single variable from the
MS models can be used to create the contingency table as following
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Variable y
Regime 1 Regime2  Subtotal
Regime 1 nq; N1 71,
Variable x Regime?2 ng N9 na.
Subtotal n; N.g N

This table can be used to check for any association between the unemployment

rate and the crimes. Pearson’s contingency coefficient is defined by

~2
CC - __)_(_:\_2’
N+¥%
where
2 2
~2 [nij — (nin;/N)J?
X = Z Z ’I’LZ’I’LJ/N ’

i=1 j=1
and n;; is the number of the periods where variables z; and y; are respectively at
regime ¢ and j, at the same time. This coefficient is associated to the conventional
correlation coefficient for continuous data. For finite dimensions, a corrected version
of this statistic has to be used, in these cases, the coefficient is bounded from above
and is biased. The limit of this coefficient is proportional to the dimension of the
table. For a 2 x 2 table, the correction factor is v/0.5, so the corrected contingency

coefficient will have the following form

OOCOT’!‘ — CC .

V0.5
The C'C*" ranges between 0 and 1. The value of 0 denotes that two series are
uncorrelated, and the value one shows a complete correlation. Larceny and robbery
have the highest correlation of 0.396 and 0.349, respectively. Assuming 0.5 as the
threshold level, none of the crime series shows any kind of commonality with the

unemployment rate.

1.6 Empirical Results of MSVAR Models

In this section, bivariate MS models are estimated to investigate the common regime
changes of the unemployment rate and each one of the crime series under investiga-

tion.
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The optimal number of lags have been selected using AIC and SIC criteria
for the system. The selected lag for larceny and robbery is two. For burglary and
motor-vehicle theft, the information criteria have selected two optimal lags, two and
three. Because we are interested to see whether the unemployment rate has a different
effect on crime in separate regimes, only models that allow for regime-dependent
autoregressive parameter are estimated.

The MSIA and MSIAH models are estimated for each system using the selected
optimal lags assuming two and three regimes. To choose the best MS-VAR model
for each system AIC, SIC, HQ criteria, and LR (Likelihood Ratio) test are used.

The selected model for the system containing burglary and the unemployment
rate is a MSIAH(2)-VAR(3) model, with a very strong rejection of the null hypothesis
of linearity.

The estimation results of this model are summarized in Table 7. In this model
the intercepts of both regimes are positive, however, the intercept is statistically sig-
nificant only at the second regime. Hence, the second regime stands for the periods
with positive changes in the rate of burglary and the first regime shows the periods
with no significant changes in this rate.

The estimated coefficients of lagged values of the unemployment rate in the
equation for burglary are significant at regime 2. However, in regime 1 only the
unemployment rate with three lags is significant. The overall effect of the unemploy-
ment on burglary at regime 1 is -1.7 and at regime 2 is -3.5. Therefore, these results
show that the unemployment rate has a negative effect on burglary regardless of the
regime.

The expected duration of regime 1 is about two years. In addition, the esti-
mated expected durations of regimes in this model show that the period with positive
changes at the rate of burglary (regime 2) lasts much less than the periods with no
changes at this rate. According to the results, only 17 quarters (15%) of the 111
quarters included in this study are categorized in the second regime (higher rates of
burglary). For the rest of the sample period, this variable was statistically constant.
The transition probabilities for these regimes show that only the first regime is per-
sistent. The probabilities of moving from/to the first regime are different. Moving
from regime 2 to regime 1 is more likely than the opposite.
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Based on the smoothed and the filtered probabilities for each regime at this
model for burglary, which is illustrated at Figure 6, all the periods classified as regime
2 are peaks except from the last quarter in 1981 to last quarter in 1982 and the third
and fourth quarters of 1984. From the first quarter in 1985 to the end of sample,
except for three quarters, all are in regime 1.

The selected model for larceny and unemployment rates is a MSIA(3)-VAR(2).
Table 8 shows the estimated results. The estimates for larceny show that the intercept
of regime 1 is significant and negative and the intercept of the regime 2 is positive and
significant at border of 10%, however, the other intercept is not significant. There-
fore, the regimes 1, 2, and 3 stand for negative, positive, and no significant changes
in larceny.

Regarding the equation for larceny, except for larceny with one lag and the
unemployment rate with two lags at regime 3 the other lagged variables are not sig-
nificant at conventional levels of significance. The coefficient of the unemployment
rate with one lag at regime 3 is significant at the border of 10%. Therefore, the over-
all effect of the unemployment rate is significant only at regime 3 and this effect is
equal to 0.76.

The transition probability matrix shows that all the regimes are persistent but
the persistency of the second and third regimes are higher than for regime 1 (lower
rate of larceny). Regime 3 never changes to regime 1 and larceny moves to regime 2
only with a 14.1% probability. The chance of having a regime with lower (constant)
rate of larceny after a regime with higher rate is only 5.2% (1.4%). The expected
duration of the regimes indicate that regime 2 has the highest expected duration and
regime 1 the lowest. The durations of regime 2 and 3 are about 15 and 7 quarters,
respectively.

Figure 7 shows the smoothed and the filtered probabilities of being at each
regime. For 1980:4-1982:4, 1990:3-1992:1, 2004:3-2004:4, the rate of larceny re-
mains constant and this variable is in regime 3. The second regime, which is for high
rates of larceny, consists of 1977:4, 1983:1-1983:2, 1984:2-1990:2, 1992:2-2001:2,
and 2002:1-2004:1. The rest of the sample is in regime 1 and the rate of larceny in
these periods is low.

The selected MS model for motor-vehicle theft and unemployment rate is a
MSIA(3)-VAR(3). The estimation result for this model is reported in Table 9. The
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intercept of the regime 3 is -0.816 and this is the only significant intercept in all
regimes. At the equation for motor-vehicle theft, in regime 1 (3) only the coeffi-
cient of the unemployment rate with three (two and three) periods lag is significant.
In regime 2 the lagged unemployment rates are not significant at conventional lev-
els. The overall effect of the unemployment rate in regime 1 and 3 is -0.044 and
0.166, respectively. Therefore, the unemployment rate has different effects in sepa-
rate regimes.

At the same time, regime 1 has the highest duration and lasts more than 6 years;
in addition, regime 3 lasts less than half a year. Regime 1, 2, and 3 includes 58.3,
34.1, and 18.5 quarters of the sample. Furthermore, regime 1 is very persistent with
a probability equal to 96.2%, regime 2 is persistent as well but the last regime is not
persistent. Regime 2 never changes to regime 1 and it changes to regime 3 with a
probability of 37.7%. At the same time regime 1 never alters to regime 3.

Classification of the regimes is illustrated in Figure 9. Based on the estimated
smoothed probabilities for each regime, regime 1 consists of 1978:1-1979:4, 1991:1-
2000:4, and 2002:1-2004:4. The rest of the sample are peaks that oscillate between
regime 2 or 3. '

The information criteria and the LR test select a MSIA(2)-VAR(2) model for
the variables robbery and unemployment rate. This model has 2 regimes and inter-
cept and autoregressive parameters are regime dependent. The estimated results are
presented in Table 10.

The results show that both intercepts are positive, however the intercept 1s sig-
nificant only at regime 2. Therefore, it could be said that regime 1 shows a regime
with constant rate of robbery and regime 2 stands for higher rates of robbery. The es-
timated coefficients of lagged values of robbery and the unemployment rate are not
significant at none of the regimes. Consequently, the unemployment rate does not
have any significant effect on the rate of robbery.

The transition probabilities show that both regime 1 and 2 are very persistent.
There is only a 1.2% chance of moving from regime 1 to regime 2 and the proba-
bility of moving in opposite direction is 10.3%. Out of 111 observation included in
this study 98.9 quarters are in regime 1 and only 12.1 quarters in regime 2. The du-
ration of the first regime is also much higher than the second regime. The estimated
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smoothed probabilities at Figure 9 show that regime 2 begins from the first quarter in

1980 and stops at the end of 1982. The rest of the sample is in regimel.

1.7 Conclusions

The results of univariate MS-AR models jointly with different measures of associ-
ation have been used to test the existence of any relationships between the unem-
ployment rate and various crime variables. Results confirm that there is no relation-
ship between the unemployment rate, burglary and motor-vehicle theft. Results for
larceny and robbery are mixed. The CI is the only measure that shows a relation-
ship between the unemployment rate and robbery and larceny. The contemporaneous
relationship is positive for robbery and negative for larceny; however, it turns to be
positive between the lagged values of the unemployment rate and larceny.

The objective of second phase, MS-VAR models, was to test for the existence of
different influences of the unemployment rate in separate states of the crime variable.
Therefore, the overall effects of the unemployment rate in different regimes on the
crime series are estimated. Results are mixed. Results show that the unemployment
rate has a negative effect on burglary regardless of the state of the burglary rate, and
it does not have any significant effect on robbery during the periods under study. As
for the larceny and motor-vehicle theft, the effect of the unemployment rate depends
on the regime of these variables. For larceny and motor-vehicle theft this effect is
positive and zero in regimes 3 and 2, respectively. At regime 1 for these crimes, the
overall effect of the unemployment rate on larceny is zero; however, it is negative for

motor-vehicle theft.
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Burglary Robbery

MSIH(2)-AR(1)  MSIH(3)-AR(8)  MSIH(2)-AR(1)

Larceny

MSI(2)-AR(1)

Motor

MSI(2)-AR(1)

Intercepts

Hq
25
H3

6049 (-1.571)  -5797(-1.517)  -3.289(-1.270)
0.677(0.481)  -8.397 (-49.224)  -1.478(-0.319)
2.983 (2.561)

2.773 (-4.098)
2.106 (5.729)

-0106 (-1.032)
0.197 (2.001)

Autoregressive Parameters

0.061 (0.511)  -0.047(-6.623)  -0.015 (-0.194)
-0.027 (-2.911)
0.069 (10.958)
-0.052 (-6.797)
0.107 (18.192)
0.109 (17.025)
0.196 (27.136)
0.126 (-17.474)

0.094 (1.038)

-0.104 (-0.923)

Dummy 1 98.852(5.370)  -10.989(-4.971)
Dummy 2 -97.897 (-6.482)
Standard Errors
01 22.605 21.369 13.359 2.172 0.301
09 9.464 0.334 27.824
03 8.501
Transition Probabilities
P11 0.902 0.745 0.889 0.658 0.959
P12 0.098 0.253 0.111 0.342 0.041
P13 0.002
P21 0.040 0.369 0.147 0.082 0.076
P22 0.960 0.347 0.853 0.918 0.924
P23 0.285
P31 0.058
P32 0
P33 0.942
Durations
Regime 1 10.18 3.93 9.01 2.93 2433
Regime 2 24.73 1.53 6.80 12.17 13.20
Regime 3 17.12
Log Likelihood
Nonlinear -450.050 -421.027 -490.750 -268.123 -31.197
Linear ~461.335 -452.363 -495.241 -273.131 -34.740

t-statistics are in paranthesis.



Table 2, Results of MSIAH(2)-AR(3) for Unemployment Rate

Regime 1 Regime 2
72 0.139 (1.085) 0.607 (2.271)
o} 1189 (9.757)  1.613 (8.630)
¢2 -0.056 (-0.302)  -0.730 (-2.221)
¢3 -0.166 (-1.500) 0.036 (0.192)
Standard errors 0.119 0.285
Duration 16.48 6.14
Log Likelihood
Nonlinear 37.311
Linear 19.840

Transition Probabilities

Regime | Regime 2
Regime 1 0.939 0.061
Regime 2 0.163 0.837

t-statistics are in parenthesis.
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Table 3. Concordance Index

Unemployment rate

Unemployment rate Unemployment rate ~ Unemployment rate ~ Uemployment rate

& Burglary 2 regimes & Burglary 3 regimes & Larceny & Motor & Robbery
C1 0.333 0.288 0.261 0.550 0.667
E(CI) 0.414 0.349 0.361 - 0.551 0.555
ﬁ -0.195 -0.192 -0.292 -0.004 0.255
t-ratio -1.196 -1.473 22212 -0.027 1.643
a®r -0.081

-0.061 -0.100 -0.002 0.111
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Table 4. The Estimated Correlations between Crime Variables and Unemployment rate;

from regressing crime variables on lagged values of unemployment rate

Unemployment rate Unemployment rate Unemploymentrate  Unemployment rate  Unemployment rate
& Burglary 2 regimes & Burglary 3 regimes & Larceny & Motor & Robbery

1 lag -0.161 -0.076 -0.305* 0.003 0.305*
t-ratio -0.932 -0.639 -1.851 0.017 1.875

2 lag -0.171 -0.131 -0.213 0.011 0.355*
t-ratio -0.983 -1.213 -1.552 0.062 2.337

3 lag -0.137 -0.089 -0.067 0.018 0.406*
t-ratio -0.834 -0.759 -0.666 0.107 2.699

4 lag -0.103 -0.087 0.133* -0.015 0.416*
t-ratio -0.658 -0.753 1.853 -0.088 2.676

5 lag -0.069 -0.085 0.244* -0.02 0.384%
t-ratio -0.455 -0.706 2.809 -0.108 2.373

6 lag -0.034 -0.14) 0.247 0.018 0.352*
t-ratio -0.231 -1.308 0.096 2.206

7 lag 0 -0.139 0.251 0.055 0.277*
t-ratio 0 -1.091 0.303 1.74

8 lag 0.034 -0.078 0.254* 0.093 0.245
t-ratio 0.22 -0.639 2.998 0.511 1.603

An indicates the significant correlations at 10% or lower.
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Table 5. Calculate Cls between Crime Variables and Lagged Values of The unemployment Rate

Unemployment rate

Unemployment rate

Unemployment rate

Unemployment rate

Unemployment rate

& Burglary 2 regimes & Burglary 3 regimes & Larceny & Motor & Robbery
1 lag 0.342 0.324 0.252 0.55 0.685
2 lag 0.333 0.306 0.279 0.55 0.703
3 lag 0.342 0.315 0.324 0.55 0.721
4 lag 0.351 0.315 0.387 0.532 0.721
5lag 0.36 0315 0.423 0.523 0.703
6 lag 0.369 0.297 0.423 0.532 0.685
7 lag 0.378 0.297 0.423 0.541 0.649
8 lag 0.387 0.315 0.423 0.55 0.631
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Table 7. Estimation Results of MSIAH(2)-VAR(3) Model of Burglary

Regime 1 Regime 2
Dburglary unemployment Dburglary unemployment
12 7.415(1.209) 0.351(5.159) 30.554(2.448) 0.229(0.402)
¢1’ 1 0.236(2.500)  -0.003(-3.222)  -1.007(-10.788) 0.008(1.722)
qf)l ,2 -0.120(-1.405)  -0.002(-2.449) 0.531(3.881)  -0.004(-0.596)

P13
b2,1
P22

0.190(2248)  -0.001(-1.129)  -0.394(-3.889)
6303(-0847)  1230(14.891)  -40.687(-6.496)
19.352(1.525)  -0.137(-0.958)  71.390(7.299)

-0.005(-1.029)
1.688(5.471)
-0.801(-1.664)

¢2,3 -14.749(-2.038)  -0.160(-1.935)  -34.240(-6.721) 0.100(0.399)
g 12.018 0.131 5.582 0.275
Log Likelihood

Nonlinear -391.945
Linear -432.636

Transition Probabilities

Regime 1 Regime 2 Duration

Regime 1 0.875 0.125 8.03
Regime 2 0.695 0.306 1.44

t-statistics in parentheses.
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Table 8. Estimation Results of MSIA(3)-VAR(2) Model of Larceny

Regime 1 Regime 2 Regime 3

Dlarceny unemployment Dlarceny unemployment Diarceny unemployment
M -12.420(-3.598) 0.828(4.271) 2.199(1.641) 0.189(2.539) -2.846(-0.723) 0.099(0.486)
¢1,1 -0.384(-1.548)  -0.049(-4.129) 0.147(1.311)  -0.003(-0.648) 0.645(3.528) 0.051(5.524)
gﬁl’z -0.039(-0.097) 0.113(4.188) 0.054(0.570) 0.007(1.508)  -0.104(-0.533) 0.020(1.991)
¢2, 1 -1.262(-0.408) 1.861(9.803)  -1.566(-0.904)  1.020(12.491)  -4.405(-1.624) 1.034(7.039)
¢2, 9 2.630(0.904)  -0.972(-5.795) 1.402(0.795)  -0.247(-2.474) 5.175(1.760)  -0.022(-0.140)
D2003 2.621(-0.151) 0236(0267)  -10.342(-4.455) 0335(2.829) -11.891(-0.282)  -0.036(-0.017)
g 2.266 0.116 12,266 0.116 2.266 0.116

Log Likelihood

Nonlinear -199.930
Linear -249.360

Transition Probabilities

Regime 1 Regime 2 Regime 3 Duration
Regime 1 0.555 0.297 0.149 225
Regime 2 0.052 0.934 0.014 1523
Regime 3 0 0.141 0.859 7.110

t-statistics are in parenthesis.
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Table 9. Estimation Results of MSIA(3)-VAR(3) Model of Motor

Regime 1 Regime 2 Regime 3

Dmotor unemployment Dmotor unemployment Dmotor unemployment

L
P11
P12
P13
b2,1
P22

0.1480.733)  0.079(0.609)  -0.050(-0.235)  0.727(5.637)  -0.816(-2.100) 1.493(5.444)

| -0.165(-1576)  -0.058(-0900) -0246(-1982)  -0.092(-1382)  1.028(3.481)  -0.953(-4.871)

0207(-2.028)  -0.117(-1.886)  0416(3336)  -0.138(-1999)  -0.882(-4.285)  -0.150(-1.160)
-0.107¢-1.051)  -0.005(-0075)  0401(3.790)  -0.094(-1472)  -0.155(-0.761)  -0.194(-1.466)
0.297(1.538)  1221(10.303)  0.248(1.458)  1203(10.783)  0231(0.725) 1.148(5.001)
0.078(0238)  0.069(0.351) -0.414(-1.514)  -0.352(-2.008) -1489(-2.447)  0.499(1.144)

¢2’3 -0.419(-2.203)  -0.312(-2.724) 0.184(1.131) 0.033(0.355) 1.424(4.080)  -0.832(-3.360)
g 0.215 0.131 0215 0.131 0215 0.131
Log Likelihood
Nonlinear 39.614
Linear -8.384
Transition Probabilities
Regime 1 Regime 2 Regime 3 Duration
Regime 1 0.962 0.038 0 26.56
Regime 2 0 0.623 0377 . 2,66
Regime 3 0.163 0.552 0.285 1.4

t-statistics are in parenthesis.
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Table 10. Estimation Results of MSIA(2)-VAR(2) Model of Robbery

Regime 1 Regime 2

Drobbery unemployment Drobbery unemployment‘
12 10.044(1.078) 0.326(4.508) 117.856(2.697) 0.438(1.399)
gbl’l -0.078(-0.988) 0.001(2.308) -0.032(-0.131) 0.002(0.882)
¢1,2 0.096(1.176) 0.000(0.145) -0.244(-1.109)  -0.011(-6.434)
¢2’ 1 5.770(0.581) 1.386(17.868) 5.625(0.330) 1.436(10.632)
¢172 -8.104(-0.847)  -0.448(-5.990) -20.919(-1.128)  -0.456(-3.119)
D1993 102.968(5.249)  -0.073(-0.481) 77.160(338.796)  -0.752(-0.204)
D19%4 -100.258(-5.124) 0.092(0.606)  -117.797(-2411.194) 0.041(0.010)
g 19.200 0.149 19.200 0.149

Log Likelihood
Nonlinear -439.875
Linear -464.712
Transition Probabilities

Regime 1 Regime 2 Duration
Regime 1 0.988 0.012 85.84
Regime 2 0.103 0.897 974

t-statistics are in parenthesis.
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Chapter 2
Convergence in the Canadian Provinces:
Evidence using Unemployment Rate

2.1 Introduction

Regional disparities have been at the centre of the policy makers concern for many
years and have been studied by many researchers all over the world. Regional dispar-
ities are capable of creating imbalances in the development process of any country
and in some countries, such issues obviously create political problems. In Indonesia,
for example, the rich regions are trying to separate from the central government be-
cause people believe that their wealth is used to subsidize the poor regions. Any study
of regional disparities has to start by considering two issues: 1) the definition of a re-
gion and 2) the definition of disparity. The study must define the term "region" and
also how disparity will be measured. Researchers use different measures of regional
disparities, such as the relative per-capita income, per-capita earning, wage, unem-
ployment rate, and so on. The main objective of this paper is to study the disparities
in the unemployment rates in the Canadian provinces using recent methodologies and
data. Therefore, we use the difference in the unemployment rates of these provinces
from the unemployment rate of Canada as our disparity indicator. We also want to
investigate the trend of these disparities to see whether or not it has changed over last
three decades.

The disparity problem is important in any country; however, it is more sig-
nificant in diversified countries, like Canada. As Gunderson (1996, p.1) stated, "
[b]eing a geographically large country with substantial heterogeneity in resource en-
dowments and accesses to markets, regional issues have always been important in
Canada". Canada spent a massive amount of money during the 1970s and 1980s on
so called "economic development policy", to improve the economic conditions of the
less developed regions.® In 1968, the federal government created the Department of

8 QOver 6 billion dollars during 1969-1983 (McGee, 1992, p.41).
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Regional Economic Expansion (DREE) which was active until 1981. The aim of this
department was to promote economic expansion to adjust for the disparities in poor
provinces. By doing so the federal government tried to minimize the disparity gaps in
growth rate and economic conditions among the Canadian provinces. In other words,
the aim of the federal government of Canada was to create convergence among the
Canadian provinces. One of the factors in this policy was the unemployment rate.

Convergence has a simple definition which comes from neoclassical growth
models; see Solow (1956), for example, for a closed economy. In these models,
if the regions only differ from each other in the initial level of per-capita income
and capital, they will reach the same steady-state level, since the productivity of
capital in the poor regions is higher than the productivity of capital in the rich regions.
Therefore, the poor regions will experience a higher growth rate than the rich regions.
If the poor regions grow faster than the rich regions, the former will eventually catch-
up, the disparity gap will shrink and eventually close over time. On the other hand,
if the growth rates of the rich regions are higher than the rates for poor regions, the
disparity gap will increase over time. In this case, we say that these regions are
diverging from each other.

Barro and Sala-i-Martin (1991) divided the concept of convergence into three
categories: o-convergence, absolute S-convergence and conditional S-convergence.
The o and S—convergence are the main concepts and measure two different phenom-
ena. o-convergence occurs when the dispersion of, say, per-capita income or unem-
ployment rate shrinks over the span of the study. In contrast S-convergence examines
whether or not the poor regions are catching-up with the rich regions. Absolute 8-
convergence, implies that the regions converge to the same level of, say, income or
unemployment rate, whereas conditional 3-convergence takes into consideration the
differences in the regions, such as different endowment, weather, infrastructure, and
so on. Therefore, according to conditional S-convergence, the regions could have
different steady sate levels and do not need to converge to the same steady state level.

Another type of convergence considered in the literature is called "stochastic
convergence", developed by Bernard and Durlauf (1995). This concept deals with
the effect of shocks on the variable under study, mainly using unit root tests and
cointegration techniques. To have stochastic convergence in any variable, the variable
must be stationary, i.e., the shocks to the variable must die-out exponentially.
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Researchers, in general, adopted the convergence definition of Sala-i-Martin
(1991) and used cross sectional data and methods to test for the existence of conver-
gence in different regions. However, such models of convergence received critiques
from scholars like Friedman (1992), Quah (1993, 1996), and Bernard and Durlauf
(1995). These authors criticized the definition and the use of cross section models
in testing for convergence. Since the middle of the 1990s, new methods in time se-
ries, panel data models and Markov chain analysis were developed and used to study
convergence. In most such studies, researchers tried to divide the sample into dif-
ferent sub-samples based on some major shocks, such as the Second World War,
energy crises, etc. Clearly, this raised problems since the allocation of subsamples
was done following prior beliefs. Consequently, other methods were develeped to al-
low for structural breaks in the variable under study. Vogelsang (1998), for example,
provides some tools to determine the break dates endogenously instead of imposing
them.

Barro and Sala-i-Martin (1992), used personal income since 1840 and gross
state product for the U.S. states since 1963. Using cross section models, they found
that the states had converged during the span of study. Barro (1991) applied cross
section models to the GDP data of 98 countries from 1960 to 1985 and concluded
that the trend of growth for the countries that had lower GDP in 1960 were steeper
than that of the countries with high GDP in 1960. In other words, these countries
were converging to each other. The results of these two papers show that the speed
of convergence is about 2% both in the U.S. states and in 98 countries included in
the study. However, they found that this speed is about 1% for 20 original mem-
bers of OECD, which has been considered a homogenous group of countries in the
study. This finding is one of the main critiques of Quah (1996) which showed that
the speed of convergence is very sensitive to the cross sectional and time dimensions
of the sample. Using Monte-Carlo simulations he showed that he could get 2% con-
vergence rate for two independent random walk variables by changing the number of
cross sectional units and the time span of the sample. He concluded that the results
from the convergence studies for heterogenous group of regions might be mislead-
ing. He developed a theoretical model in which the poor regions create one polar and
rich regions another, and over time rich regions become more prosperous, the poor

become more underprivileged and the middle class disappears.
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Carlino and Mills (1993) developed necessary conditions for convergence in
per-capita income in the U.S. regions; these authors identified two conditions which
underly a convergence concept consistent with: 1) the series must be stationary to
satisfy the stochastic convergence condition and 2) the series must also satisfy (-
convergence. In other words, both stochastic and 5-convergence are necessary for
having convergence in any series. Myatt (1992), using annual data from 1966 to 1990
and Zellner’s system of seemingly unrelated regression (SUR), studied the Canadian
provincial unemployment rate disparities. He studied the trend, causes, if and reme-
dies for the provincial unemployment rate in Canada. Results showed that the un-
employment rate disparity had an upward trend, which was worsened by federal to
provincial transfer payments. He concluded that there was divergence in the unem-
ployment rates in the Canadian provinces.

Coulombe and Lee (1995) used different measurements of per-capita income
and output to investigate convergence in the Canadian provinces. Their study used a
pooled cross section time series data of the Canadian provinces from 1961 to 1991.
They concluded that the results are in favor of the existence of convergence among the
Canadian provinces. Coulombe and Day (1999) studied the evolution of the relative
regional income disparities in Canada and compared it with the evolution of twelve
US states bordered with Canada. They confirmed that convergence is occurring in
the Canadian regions.

DelJuan and Tomljanovich (2005), using a method proposed by Vogelsang (199
8), investigated the existence of convergence in the Canadian provinces using per-
sonal income and earning from 1926 to 1996. Their results support the existence of
both stochastic and B-convergences for most of the provinces, after allowing for one
break in the data. In addition, using the data of personal earnings they found that the
governmental redistribution program had an accelerating effect on the convergence
of the provinces.

Recently, Rodriguez (2006) used two sets of data for per-capita income of the
Canadian provinces from 1926 to 1999, one set including the interprovincial trans-
fers and the other excluding these transfers, to examine convergence and assess the
effects of interprovincial transfers on the convergence process. Using a class of tests
proposed by Vogelsang (1998) and allowing for a break in the data, he studied con-
vergence in two cases of known and unknown break points. The results showed that
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the relative per-capita income of the Canadian provinces were converging and, in
addition, the interprovincial transfers did not have any role in accelerating the con-
vergence in these provinces.

Rodriguez-Oreggia (2005) studied the convergence process in the Mexican re-
gions using per-capita GDP. He found that after liberalization in Mexico, the northern
regions, bordering the U.S., have moved away from a "falling-behind" situation to a
situation the author called a "winner". On the other hand, the southern regions fell
behind. In addition, he concluded that human capital played an important role in
these disparities. Costanini and Lupi (2006) using panel unit root tests, investigated
properties of the Italian regional unemployment rates. They found some evidence of
stochastic convergence in these regions; however, there was not enough evidence to
conclude that stochastic convergence existed among these regions. The authors be-
lieved that a better regional disaggregation would perhaps make it easier to form a
clear and strong conclusion.

In this paper, we use some very recent econometric methods to study conver-
gence in the unemployment rates of the ten Canadian provinces using quarterly data
from the period 1976-2005. After defining the data, we check for stochastic conver-
gence using unit root tests without and with breaks. We use three unit root tests that
allow for one and two break points in the data; see Perron and Rodriguez (2003),
Rodriguez (2007), and Lumsdaine and Papell (1997). Next, we use three different
methods to investigate S-convergence in the data. These methods are introduced
by Vogelsang (1998), Perron and Yabu (2005, 2006), and Bat and Perron (1998,
2003). The first two methods are robust to the presence of unit roots, however, the
last method is not. In addition, except for the latter method, which allows for mul-
tiple breaks, the other methods allow for only one break point in the data. We find
strong evidence of convergence in most of the provinces by introducing structural
breaks in the data.

The remainder of this paper is organized as follows. The next section provides
the methodological issues and the class of tests that will be used in this paper, includ-
ing different unit root tests to study stochastic convergence. We also describe a class
of tests proposed by Vogelsang (1998), Perron and Yabu (2005, 2006), and Bai and
Perron (1998, 2003). Section 3 provides a brief look at the data and the empirical
results from various methods. Finally, section 4 concludes.
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2.2 Methodology

2.2.1 Stochastic convergence

Let y¢ denote the difference between the unemployment rate of the province ¢ at pe-
riod ¢ (u?) and the unemployment rate of Canada (u*"). Stochastic convergence im-
plies that shocks to 3¢ will have temporary effects. Formally, stochastic convergence
exists if y! is stationary. Consequently, a common test for stochastic convergence
will be testing for a unit root in y! . Rejection of the unit root hypothesis supports
the existence of stochastic convergence. Conversely, failure to reject the unit root hy-
pothesis will be an indicator for stochastic divergence. There are many unit root tests
in the literature. However, in this paper we use the following unit root tests: Aug-
mented Dickey-Fuller (ADF) test (Dickey and Fuller (1979) and Said and Dickey
(1984)), ADFGLS test of Elliott, Rothenberg, and Stock (ERS) (1996), a unit root test
proposed by Perron and Rodriguez (2003) which considers one break under the al-
ternative hypothesis, and a minimum LM unit root test proposed by Lumsdaine and
Papell (1997) which considers two breaks under the alternative hypothesis.

The Augmented Dickey-Fuller (ADF) test

This test has been proposed by Dickey and Fuller (1979), Said and Dickey
(1984). The test consists of estimating the following regression:

k
Afy = ofjs—1 + Z ViAGi—i + €

i=1

where §; = yy — porgs = Yy — b — ft, y; is the time series being tested, ¢ is
the time trend, A is the first difference operator and & is the number of lags, which
must be determined in such a way that the ¢; become serially uncorrelated. Using
this estimation, we test for a null hypothesis that o = 0. If we cannot reject this

hypothesis, then we have a unit root and the series is not stationary.
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ADFCLS test

To improve the power of the unit root test, ERS (1996) have proposed a new
method for unit root testing called ADF@Z5. This is an ADF type test, which uses
GLS detrended data. The ADFGLS statistic can be constructed using the following
equation

k .
AYy = afjs1 + Z YiAYi—i + e
=1
with §; = 4 — fﬁ LSzt and the set of coefficients {pGLS minimizes
T
S@,a)=> v — v )
t=1
where y& = [y1,(1 —al)y, 2& = [z1,(1 — @l)z), fort = 2,..,T; and & =
1 + &/T representing a value under the alternative hypothesis. In addition, we have
2z = {1} or z; = {1,t}, which represent the deterministic components included in
the detrending regression. ERS define a new time series as
a Y, ift=1
= { Ye — Qyg-1, ift>1,
where & = 1+ &/T. ERS recommend the use of & = 1 — 7/T for a model with only
an intercept and & = 1 — 13.5/7 for a model with an intercept and a time trend.
At the next step, an ADF test can be carried out using the transformed data as

follows
2

Yo = Qg1 + Z YiUt—i + My
i=1

As with the ADF test, we consider the t—ratio of & from this regression. This
t—ratio follows a Dickey-Fuller distribution when only an intercept has entered in
this equation. However, when we include both an intercept and a time trend, the
distribution differs. ERS simulated the critical values for the latter case.

Perron (1989) showed that ADF type tests fail to reject the unit root null hy-
pothesis when the series is stationary with a broken trend. In other words, the failure
to reject the null hypothesis of unit root might arise from exogenous changes in the
data generating process. Hence, he proposed allowing for one break in the ADF test,
assuming that this break point is known and exogenous. However, the problem with
this method is that we must know the break date prior to testing for a unit root. To
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overcome this problem other unit root tests, including Zivot and Andrews (1992),
Perron (1997), Lumsdaine and Papell (1997), and Perron and Rodriguez (2003), in-
ter alia, have been developed, which allow determination of the break date as an

endogenous parameter in the model.

An ADFGL5 ynit root test with 1 break

Perron and Rodriguez (2003) extended the GLS detrending approach of ERS
(1996) and Ng and Perron (2001) to the context of structural change. They con-
sidered a break, under the alternative hypothesis, in the slope or a break in both
the intercept and slope of the trend function of y;. The break point is determined
endogenously. As in the case of the ADF¢L® without structural change, we have
z = {1,t,1(t > Tg) x (t — TB)} or 2z = {1,1(t > Tp),t,1(t > TE)(t — T5s)}
which represents the deterministic components included in the deterending regres-
sion. Using simulations, Perron and Rodriguez (2003) selected ¢ = —22.5 as the
optimal non-centrality parameter. Therefore, this value is used in this paper to carry
out this test. To determine the optimal lag we can use information criteria. Perron
and Rodriguez (2003) also introduced the structural break in a group of unit root tests
called M-tests, which were originally suggested by Stock (1999).!

Recently, Rodriguez (2007) constructed a new version of these tests, which
only allow a break in the intercept. We also use these tests to check for the existence

of unit root in the data under study.

Unit root tests with 2 breaks

The previous test allows for only one break in each time series; however, it
is possible to have multiple structural breaks in the series. Therefore, considering
only one endogenous break point may not be sufficient and this could cause a loss
in information when there is more than one break (Lumsdaine and Papell, 1997).
Lumsdaine and Papell (1997) proposed a new procedure that allows one to examine
the significance of two structural breaks. They use a modified version of the ADF

' Further details about these unit root tests can be found in Perron and Rodriguez (2003).
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test with two endogenous breaks as follows:

k
Ay, = fu+ Bt + 0DUL, + 6DT1y + wDU2 + DT2 + oyt + 3 YAy + €

i=1
where DU1; = 1ift > TB1 and zero otherwise; DU2; = 1if t > TB2 and
zero otherwise; DT1; = t — TB1 if ¢t > TB1 and zero otherwise; and finally
DT2, = t—TB2ift > TB2 and zero otherwise. DU1; and DU2, capture the
structural breaks in the intercept at time 7'B1 and T'B2, respectively. The other two
dummy variables, DT'1; and DT'2;, capture the structural changes in the slope at time
T B1 and T B2, respectively. The optimal lag length can be determined based on the
general to specific approach using ¢ tests as suggested by Ng and Perron (1995). The
break points are selected based on the minimum value of the ¢ statistic for .

2.2.2 [-convergence

In this section, we discuss the methodologies that can be used to test for 5-convergen
ce. These methods use a linear deterministic trend function. Let y; define the measure
of the disparities. We define the disparities as the difference between the unemploy-
ment rate of each province and the unemployment rate of Canada. [-convergence
implies that the provinces that initially had an unemployment rate lower than the na-
tional rate of unemployment will have a positive trend in the unemployment rate and
the provinces with a higher initial unemployment rate than the national rate will have
a negative trend. These requirements can be directly linked to the parameters of the
deterministic trend function of y;.
Suppose that y; is modeled as

Ye =+ Bt + e

where  represents the initial level of y;, § represents the average change at y;, and
¢ is a serially correlated random process with mean zero. [-convergence requires
to have a negative relationship between y and 3, i.e. if ¢ > 0 then § < 0 and if
i < 0then 8 > 0. Therefore, the evidence on -convergence can be obtained from
the estimates of the trend function.

If ¢, is serially uncorrelated, then we can use the OLS estimates of x4 and 3.
These estimates will be unbiased and efficient. However, in practice ¢; might be
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autocorrelated and may even have a unit root. In addition, the interpretation of the
trend parameters in the autoregressive representation of y; depends on the nature of
¢;. When ¢; is an 1(0) process, then the inference about 3 can be obtained from the
estimate of the slope. Butif'¢; is an (1) process this coefficient is zero and inference
must be made from an estimate of the intercept in the autoregressive representation
of y;. Therefore, the possibility of a unit root in ¢; can make the interpretation of the
coefficients of the trend function very difficult. To overcome this problem, we need
to use methods that are robust to the statistical properties of ¢;.

In this paper, we use two such methods. These methods are proposed by Vo-
gelsang (1998) and Perron and Yabu (2005, 2006). They give the possibility of esti-
mating and making inference about S-convergence. Furthermore, we apply a method
proposed by Bai and Perron (1998, 2003) to estimate the trend function. This method
is not robust to the existence of unit root, and therefore can only be applied to time

series that are stationary.

The method of Vogelsang

Vogelsang (1998), proposed a class of statistics that consists in estimating two

OLS regressions. The first, 3, regression, is given as follows
Yt = DUy + B DT + pg DUz + By DT + € (2.1)

where DUy, = 1ift < Ty or zero otherwise; DUy, = 1 if t > T’y or zero otherwise;
DTy, = tift < Ty or 0 otherwise, and DTy, =t — Ty if t > Ty and 0 otherwise.
T’ is the date of a shift in the parameters of the trend function of y; and is considered
either known or unknown. However, if this date is treated as unknown it can be
estimated from the data. The parameters 1, and p., show whether the unemployment
rate of the province is higher or lower than the unemployment rate of Canada in
periods 1 and Tz, respectively.

The second regression, z; regression, is given by:

Zy = NlDTlt + BlsDTlt + l,LzDTgt + BZSDT% -+ St (22)

t

t t
where z; = ) vy;, SDT,; = > DT}, 1 =1,2,5; =

e; and DT;, is as defined
j 1

7 Jj=

above. This regression is obtained using the partial sums of y;.
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To test for convergence, we need to assess whether u,, 4y, 51, and 3, are
statistically significant and have the appropriate signs. For this purpose, a modified
class of statistics proposed by Vogelsang (1998) can be used. Let ¢, and ¢, denote
the ¢—statistics for testing the null hypothesis that the individual parameters in the
y: and 2, regressions are zero. The modified ¢—statistics for the y; regression is
T-%/2¢, , where T is the sample size. On the other hand, the modified t—statistics
for the z regression are defined as t — PSy = T~ '/?t,exp(—bJr), where b is a
constant (to be calculated) and Jr is 7! multiplied by the Wald statistic for testing

¢y = ¢3 = ... = ¢g = 0 in the following regression’

9
Ye = p DUy + By DTy + po DU + By DT + Y cit’ + €. 23)

=2

The Jr term can be calculated as (RSSy — RSS;)/RSS;, where RSSy is
the sum of the squared residuals from regression (2.1), and RSS; is the sum of the
squared residuals from regression (2.3). For a given significance level, the constant
value of b can be computed in such a way that the critical values of {—statistics are
the same whether ¢, is 7(0) or (1). Consequently, the modified t—tests by Jr from
the 2, regression are robust to /(1) errors. Note that if b = 0, the Jr modification
will not have any effect on ¢-tests. Therefore, the distribution of ¢t — PSr is different
when ¢, is (1) compared to the case when ¢; is I(0). Hence, it is recommended
to only use b = 0 if we are sure that the errors are [(0). There is no need for any
modification in the y; regression because the 7~%/2¢, statistics has a well defined
asymptotic distribution when ¢; is /(1) and when ¢, is I(0) this statistic converges to
zero. Therefore, test based on the T~ 1/2¢, statistic is conservative when the errors
are stationary.

The asymptotic distributions of 7~/?t, and ¢t — PSr are not standard and they
depend on the break date used in the regressions. Therefore, the break date will
affect the critical values for these statistics. The break date can be assumed known
or unknown. In the latter case, it must be estimated from the data. To prevent the
estimation of break points too close to the beginning and the end of the sample, we
need to use trimming. Depending on the sample size, it is possible to use 5%, 10%,
up to 25% trimming. For example, if we use 10% trimming from the beginning and

Jp-statistic is a unit root statistic, which was proposed by Park and Choi (1988) and Park (1990).
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the end of sample, the new sample will be (0.17", 0.97"). Next, from each regression
we compute 7! multiplied by the Wald statistics in order to test the joint hypothesis
that 41, = py and 3, = f,. In other words, to test the null hypothesis that there is no
break in the trend function of the time series y;. The estimated break date is the break
date that has the largest normalized Wald statistic. The critical values of the T-1/%¢,
and ¢t — PSr statistics are taken from Vogelsang (1998).

The approach of Perron and Yabu

Perron and Yabu (2005, 2006) have proposed another method to estimate the
trend function without any knowledge about the statistical characteristics of the error
terms. Their test is based on Feasible quasi GLS. Let us assume that the untvariate

time series y;, t = 1, ..., T', has been generated by
Y = CL';\I/ + €,

€t = Q€1 + €,

for t = 1,...,T where e; ~ 1.i.d.(0,02), z; is a (r x 1) vector of deterministic
components and ¥ is a (r x 1) vector of unknown parameters. In addition, —1 <
a < 1 so that both stationary and integrated errors are allowed in the data generating
process. The null hypothesis is RY = w where R is a (¢ X ) full rank matrix, w is a
(g x 1) vector, and q is the number of the restrictions.

To test for a structural change in the trend function three models can be consid-
ered:

Structural change in intercept : In this case, x; = (1, DU, t) and

U = (uq, lo, 1) where DU; = 1(t > T’), T is the break date and T = [\ 7).

The hypothesis of interest in this case will be py = 0.

2. Structural change in slope: In this case, z; = (1,¢, DT}) and ¥ = (p, 51, 82)

where DT; = 1(¢t > Tg)(t — Ts) . The null hypothesis in this case will be

By = 0.
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Structural change both in the intercept and the slope. In this case,
z¢ = (1, DUy, t, DT;Y and ¥ = (pq, g, B1, B7). The hypothesis of interest in

this case is py = By = 0.

In addition, 1(.) is the indicator function, \; € (0, 1), and [.] denotes the largest
integer. In all these models, we allow for only one break in the intercept or slope or in
both. Now consider the case that the break date and the autoregressive coefficient, c,
is known. Then, the GLS estimate of the parameters can be obtained applying OLS
to the following regression

(1-al)y = (1 —al)z,¥+ (1 — aL)e

fort = 2, ..., T together with y; = 2| ¥ + €.

In this case, the Wald statistic for testing the RY = w, is asymptotically distrib-
uted as a y? random variable. However, in practice the break date and o are unknown.
Therefore, the methodology must be extended accordingly, in order to determine the
break date. Following Andrews (1993) and Andrews and Ploberger (1994), Perron
and Yabu (2005, 2006) consider the following three functionals of the Wald test for
different break dates:

Mean — Wgg = T7* ZA Wes(A})

1
Exp — Wgps = log[T™* ZA exp(§ng(X1)]

sup—Wrg = Sl/l\p Wes(N)

where A = {\];e < A} < 1 — ¢} for some ¢ > 0. Notice that Ty denotes a generic
break date, which is used to construct the Wald statistic and 7' denotes the true break
date. These statistics are optimal only when the errors are stationary. The asymptotic
critical values are calculated by Perron and Yabu (2005). Results suggest that al-
though the limiting distribution of these statistics are different, when considering the
Ezp — Wrg functional, the relevant quantiles are very similar for the 7(0) and I(1)
cases. On the other hand, simulation results show that the Mean and Sup versions of

the test are less useful than the Exp version.
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We know that the OLS estimate of the autoregressive coefficient is biased
downward especially when « is near unity. Therefore, to improve finite sample prop-
erties, Perron and Yabu (2005) propose two methods: 1) use median unbiased esti-
mates as described by Andrews (1993), 2) use a modified version of the weighted
symmetric least square estimates described by Roy and Fuller (2001). When using
the first method, we replace the OLS estimate of & by a value that would create &
as the median of distribution, assuming normal errors. This specific correction de-
pends on the nature of the deterministic components and the values for the linear
trend case are tabulated in Andrews (1993). The procedure recommended by Per-
ron and Yabu (2005, 2006) is to use the modified version of Roy and Fuller (2001)

method as following:
For any given break date, use OLS to detrend the data and obtain the residuals
€t;

2. Estimate an AR(1) for & in order to find the estimate of & and the ¢—ratio, 7;

Use & and 7 to get the Roy and Fuller (2001) bias corrected estimate &:jz;

4.  Apply the following truncation

P (%72 if |ay — 1] > T7Y2,
MS= 1,  if|ay—1] < TV

5. Use &5 and GLS method to estimate of the coefficients of the trend function
and obtain the estimate of the variance of the residuals. Then create the standard

Wald statistic, denoted Wrpss.

6. For a case with an unknown break date, repeat the previous steps for all possible

break dates and construct the Exp-Wald statistic, denoted Exzp — Wryys.
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Throughout the paper the subscript RQF' stands for Robust Quasi Feasible
GLS. For a further treatment of these tests, see Perron and Yabu (2005, 2006).

The approach of Bai and Perron

Both of the above methodologies allow for only one break, however, it is pos-
sible for some time series to have multiple breaks. To this end, Bai and Perron (1998,
2003) proposed a method to estimate the multiple structural changes in a linear model
using OLS. Their method gives the possibility of testing for break against stability of
the model. In addition, it is possible to test for a given number of breaks using dif-
ferent tests, including information criteria, such as BIC and LWZ (Liu et al, 1997).

Following the same notation as Bai and Perron (1998, 2003), consider the fol-

lowing multiple linear regression with m breaks:

T+ 46 +e  t=1,2,...,Ty
v = B+ 2 +e  t=Ti+1,...,Th
t— .

x;,@+z{5m+1+et t:Tm+1,,T

where z; (px 1) and z; (¢ x 1) are vectors of covariatesand fand 4, ( = 1,2, ..., m+
1) are the corresponding vectors of coefficients and ¢, is the disturbance term at time
t. This method attempts to estimate the unknown coefficients along with the unknown
break dates. For a pure structural change model, where all the parameters can have
shifts, p = 0, whereas, for a partial structural change model, where some of the
parameters do not have any break or shift, we have p > O and ¢ > 0.

In the estimation process we use OLS. To obtain the estimates of the coeffi-
cients and the break dates, we can use an iterative procedure as follows. Assuming
6 = (6, 11, ..., T,,), define the sum of squared residuals as SSR((, 9). Using the
method introduced by Sargan (1964), minimize SSR(S, 0) by iteration. First, as-
sume S is fixed and minimize SSR((, 6) with respect to # and then keep 6 constant
and minimize SSR(S, §) with respect to 3. Iterate this procedure until the decrease
in the objective function becomes less than a given number. Bai and Perron (1998,
2003) recommend, for efficiency purpose, to keep {71, ..., T),} constant at the second
step and to minimize the objective function with respect to 8 and § simultaneously.
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To estimate the number of breaks Perron and Yabu propose different statistics.

The first statistic is the sup F' type test for no break, m = 0, against an alternative

hypothesis of m = k breaks. Let R be a matrix such that (R8)' = (87 — 83, ..., 6, —
%t1); define

1, T—-(k+1)g-—p

FT()‘].)"'7)V€;Q):_( kq

- )6 R/(RV(5)R) RS

where V/(§) is the estimate of the variance covariance matrix of & which is ro-
bust to serial correlation and heteroscedasticity. Now, define the sup Fr(k;q) =
FT(S\l, ey NE; q) where M, e, A = T,/T , minimize the global SSR(.)."° The
asymptotic distribution of this statistic depends on the minimal length h for every
segment or in another words, it depends on the trimming parameter. The critical val-
ues can be found in Bai and Perron (2003). In addition, the maximum number of
the breaks depends on the trimming parameter, for example for a 15% trimming, the
maximum number of breaks will be 5.

" In using the above-mentioned statistic, the researcher must test no break ver-
sus a pre-specified number of breaks. However, Bai and Perron propose two other
tests, called double maximum tests, which can be used to test for no break against
an unknown number of breaks given some upper limit for the number of breaks
M. The first test is defined as UDpax Fr(M,q) = maxi<m<pm FT(S\l, - j\m;q).
The second test denoted by W Dyrax Fr(M, q) is defined as W Dyrax Fr(M, q) =
MaxX] <m< M Cc((qq’ﬁ;}l)) Fr(M, ..., Am; q), where 5\1- are obtained using global minimiza-
tion of the SSR(.) and ¢(q, @, m) is the critical value of the sup Frr(k; q) = Fr(Aq, ...,
Ak; g) for a given significance level . The critical values can be found in Bai and Per-
ron (2003).

Another statistic is proposed to test for a given number of breaks /, against [ 41
breaks, which denoted sup Fr(l + 1|I). A model with [ + 1 break will be selected if
the overall minimal value of the SSR(.) is sufficiently smaller than the SSR(.) from
a model with [ breaks. We can repeat this test for [ = 1 to | = M. Additionally,
the number of breaks can be determined using the information criteria, Bayesian
Information Criteria (BIC) and Liu, Wu, and Zidek (LWZ) (Liu et al, 1997) defined

19 This is equivalent to maximizing the F—test assuming spherical errors.
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as follows:
BIC(m) = Iné(m)+gln(T)/T

o0l (8 s cyin(rye®)

Lwz =
WZ(m) In( T g T

where g = (m + 1)g + m + p, and 6*(m) = T‘lST(Tl, ...,Tm),co = 0.299 and
09 = 0.1. Any number of breaks that minimizes these information criteria is the
selected number of breaks for that time series. Finally, repartition and sequential

procedures can be used to determine the exact number of breaks.

2.3 Empirical results

Quarterly data on unemployment rates from 1976-2005 for Canada and the ten Cana-
dian provinces are used in this study. The ten provinces are Alberta, British Columbia
(BC), Manitoba, New Brunswick (NB), Newfoundland (NF), Nova Scotia (NS), On-
tario, Prince Edward Island (PEI), Quebec, and Saskatchewan.

We denote the unemployment rate of each province with ur and the unem-
ployment rate of Canada with ur{*". We are interested in examining the trend of the
regional disparities of the unemployment rate in the Canadian provinces. We define

disparities as the difference between the unemployment rates of each province and

the unemployment rate of Canada as follows

Yy = ury — ury™.

Here, the unemployment rate of Canada, ur;®", is the reference variable. There-
fore, convergence means that the unemployment rates of the provinces move toward
the unemployment rate of Canada. Figure 1 and 2 show y! for each province during
1976-2005. Figure 1, shows y¢ for the other group of provinces, which includes At-
lantic Canada and Quebec. Figure 2, represents the 3! series for a group of provinces
where unemployment rates were close and usually less than the unemployment rate
in Canada. The unemployment rate in this group was higher than the national rate of
unemployment during the sample under study.

Following Carlino and Mills (1993), convergence exists if stochastic conver-

gence and [-convergence are verified, as explained in the previous section. Sto-
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chastic convergence implies that shocks to the deviation of the unemployment rate
of a given province from Canada’s unemployment rate will be temporary and will
only have a temporary effect. Consequently, a common test for stochastic conver-
gence will be testing for a unit root in the deviation of the unemployment rate of the
province from the national rate of unemployment in Canada. Rejection of the unit
root supports stochastic convergence; on the other hand, failure to reject the unit root
is an indicator for stochastic divergence. In other words, the stochastic convergence

holds if 3 does not have unit root.

2.3.1 Stochastic Convergence

Table 1 presents the results obtained from the application of ADF and ADFELS unit
root tests on these variables. Lag length is selected using BIC information criterion.
Results show that the null hypothesis of unit root can be rejected for Manitoba, NB,
NF, NS, and Quebec by both tests. However, for PEI and Saskatchewan the null
hypothesis can be rejected only using ADF®L¥ statistics, which is more powerful
than ADF. At the same time, neither ADF nor ADF&L¥ can reject the existence of
unit root for Alberta, BC, and Ontario.

On the other hand, the graphs of these time series suggest some breaks in the
variable, so ADF and ADF&Z tests may fail to reject the existence of unit root due to
misspecification of the deterministic trend. To surmount this problem we use unit root
tests which allow for break at the trend function. We use the BIC and modified AIC
information criteria and MSB and Pt statistics from Perron and Rodriguez (2003)
and Rodriguez (2007); in addition, we denote the Lumsdaine and Papell (1997) test
statistic by LP. T5,and T’s, show the estimated break dates. Also, we allow for break
in both the intercept and the trend in Perron and Rodriguez (2003) test and break in
the intercept in Lumsdaine and Papell (1997).

The results from applying these tests'! are shown at Table 2. Now, we can reject
the unit root for Alberta and Ontario by allowing for two break points in the trend
function. The only province that we cannot reject the null hypothesis of unit root is
BC. Therefore, stochastic convergence holds for all provinces except for BC.

11 The results from applying test of Rodriguez (2007), not reported here, do not differ from the results
from the test of Perron and Rodriguez (2003).
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2.3.2 [(-Convergence

Tables 3-5 present the results obtained using the ¢ — P.Sy without the J7 correction,
the ¢ — PSSy with the Jp correction, and the 7~%/?t, statistic, respectively. These
statistics are calculated considering an unknown break date in the regressions. The
last column in these tables shows the estimated break dates.

Table 3 reports the estimated u, 8 and the break dates using regression z; (2.2).
The t — PSt statistics without the Jr correction are given in parenthesis below each
coefficient and the asymptotic critical values are given in the bottom two rows. The
estimates of p; for provinces are statistically different from zero for most of the
provinces. This indicates that disparities existed between the unemployment rate of
the provinces and the national level of the unemployment rate in 1976. In addition,
the results reveal that there is more evidence for deterministic convergence after the
break than before, in the Canadian provinces. However, we should be cautious in
using these results since these statistics are obtained assuming that the residuals are
I(0) process (Tomljanovich and Vogelsang, 2002). Even clearly stationary residuals
could spuriously increase the ¢t — P.Sr statistics in a small sample.

The t — PSr statistics with J correction are shown in table 4. The estimated
coefficients are the same as table 3, but the statistics are smaller now. In this table
t — P St statistics are reported for 5% and 10% in parenthesis below each coefficient.
These results show that before the break, deterministic convergence is found in Man-
itoba, NF, NS, and Saskatchewan and there is a divergence in NB. On the other hand,
after the estimated break, only PEI and NS demonstrate deterministic convergence
and NF shows deterministic divergence.

Table 5 reports the results using the 7~1/%t, statistics. In the periods before
the break, there was convergence in NF, NS, and Saskatchewan; at the same time
Alberta, Manitoba, NB, and Quebec have experienced divergence. After the break,
there was convergence in PEI and divergence in NF.

Using the same notation as Rodriguez (2006) Table 6, summarizes the results
of Tables 3, 4, and 5. In this table, a (capital) C denotes point estimates consistent
with 5-convergence, that is, . > 0and 8 < 0, or i < 0 and 8 > 0. Also, in this case
both estimates are statistically significant at least at the 10 percent level. A (small) ¢
denotes point estimates consistent with S-convergence but only with one coefficient
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statistically significant at least at the 10 percent level. Divergence is indicated using
the D and d symbols, where D indicates that both coefficients are statistically signif-
icant and d signifies that only one coefficient is statistically significant. The symbol
E denotes point estimates that are not statistically different from zero and are small
in magnitude, which implies that 5-convergence has already occurred. Lastly, the
symbol u means that no conclusion is possible using all information from Tables 3-5.
This situation is characterized when the coeflicients are not significant but they are
not small enough in magnitude to be considered as equilibrium (E).

As may be checked from Table 6, there is no evidence of S-convergence at all
for NB and, in fact, results are in favor of divergence in this province. This divergence
is observed for this province in both periods before and after the break date. On the
other hand, 5-convergence has or is occurring for NS and Saskatchewan all the time.
At the same time in NF we observe that S-convergence was occurring before the
break and after the break there is strong evidence of divergence, that is the disparities
between the unemployment rate of this province and national unemployment rate of
Canada is increasing. Divergence is observed for PEI before the estimated break date;
however, evidence indicates S-convergence after the break. We see 3-convergence in
Alberta only after the estimated break. This is also the case for Quebec. The results
for Ontario are inconclusive and, finally, for BC the results support 3-convergence
and/or equilibrium.

These results are consistent with the results of another paper by Rodriguez
(2006). In this paper, the author used the same methodology to study convergence
in the per-capita personal income of the Canadian provinces and to investigate the
effect of interprovincial transfers on divergence or convergence. He found that the
most of provinces are converging or have converged into the unweighted provincial
average. In addition, results of this study showed that the interprovincial transfers
did not have any significant role on the convergence of the provinces.

Results from applying the method of Perron and Yabu (2005, 2006) are pre-
sented in Table 7. We reject the null hypothesis that the trend function is stable in
favor of a trend function with a break in all provinces with the exception of Man-
itoba, NB, PEI, and Saskatchewan. This table also shows the estimated break date
obtained by minimizing the sum of squared residuals from a regressing y; on a con-
stant, a time trend, and dummies for shift in level and slope; these break dates are the
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same as the break dates estimated using the method of Vogelsang (1998). This ta-
ble also shows the estimated p and 8 for the periods before and after the estimated
breaks. According to these results, Ontario and Quebec experience divergence from
the national rate of unemployment in Canada during the sample period (the results
from this test are summarized in Table 6). On the other hand, results support deter-
ministic convergence for Alberta, BC, and NS. Finally, the unemployment rate in NF
was approaching the national rate before the break in 1983:3 so there is evidence of
B-convergence in this province before the break date. However, in the period after
the break, we see divergence in NF.

For Manitoba, NB, PEI, and Saskatchewan, this test cannot reject the null hy-
pothesis of stable trend function; therefore, we cannot use these results to discuss the
divergence or convergence in these provinces.

Up to this point, we used the methodologies that allow for only one break in

the trend function of the unemployment rate disparities of the Canadian provinces.

However, it is possible to have more than one break in these series; therefore, we use

a methodology proposed by Bai and Perron ( 1998, 2003) to deal with deterministic
convergence in presence of multiple breaks in the series.

The results of following this procedure for the disparities in the unemployment
rate of the Canadian provinces are reported in Table 8. This method allows for breaks
in 4 and [ in trend function. In the estimation process we use 15% trimming from
both ends of the sample (17 observations) and we also impose the maximum number
of breaks equal to 5. According to this table UDpsax, W Dyrax , and SupF(0|l)
suggest the existence of at least one break in each series. The exact number of breaks
can be determined using information criteria, such as BIC (Schwarz) and LWZ (Liu,
et. al. (1997)), using SupF'(l + 1|I) , and the outputs from the sequential procedure.
The number of breaks for each series is reported in the bottom three rows of Table
8. Based on the sequential procedure at 5% level of significance, there are 2 or 3
breaks in each series except for Manitoba with no break and Quebec with 4 breaks.
However, at 10% level of significance, the results of this procedure show that there
are 3 break points in the series for Manitoba, that is, there are 4 different regimes in
the time series of disparities in Manitoba. For all series, we use the results from the
sequential procedure at 5% level of significance, the exception being Manitoba, for

which we use the result at 10% level.
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The estimated break dates and associated 90% confidence interval along with
the estimated coefficients and ¢—statistics are reported in Table 9. The estimated
break dates are very precise (at 90% confidence interval, standard errors of confi-
dence bands are less than 1.5 years). The point estimates of the first break dates for
most provinces are around 1982-1984 and the second and the third break dates are
around 1989-1992 and 1996-1998, respectively. The last break date for Quebec is in
2001.

The results from Table 9 are summarized in Table 10. In this table we use the
same notation as Table 6 to investigate the deterministic convergence or divergence
in the series. We also call the period between two breaks, a regime. According to this
table, there is more evidence of 5-convergence in the Canadian provinces.

In all regimes, we see that BC'?, Manitoba, NB, and NS have experienced -
convergence. However, the other provinces had experienced convergence in some
period and divergence in others. Except for the second regime, Alberta shows diver-
gence and NF shows [-convergence. In Quebec and PEI, we observe that the rate of
unemployment of these provinces are converging to the Canadian rate of unemploy-
ment after the first break in 1982:3 and 1982:2, respectively. Before the second break
in 1990:2, Ontario was diverging; however, there is clear convergence after this break
date. Finally, convergence in Saskatchewan changes to divergence after the second
break in 1990:3.

2.4 Conclusion

This paper has examined the stochastic and deterministic convergence of the un-
employment rates in the Canadian provinces for the period of 1976-2005, by using
recently proposed econometric methodologies. Using the ADF and ADF®ZS unit
root tests, we found evidence of the stochastic convergence for most, but not all of
the provinces. Therefore, we used some new tests of unit root, which allow for the
break in the data. By applying these tests and allowing for one and two structural
breaks in the data, we could reject the null of unit root and conclude that the stochas-

12 The results for BC should be approached cautiously, since basd on the results from section 3.1 it
has unit root and the approach of Bai and Perron is not robust to the presence of unit root.
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tic convergence exists for all the provinces except British Columbia. Next, we test

for deterministic convergence in the data, using tests proposed by Vogelsang (1998),
Perron and Yabu (2005, 2006), and Bai and Perron (1998, 2003). The results of these
tests show that the by introducing multiple structural breaks in the data, we get more

evidence of deterministic convergence in the Canadian provinces.

Overall, combining the results from the study of stochastic convergence in sec-

tion 3.1 with the results that we obtained using methodologies of Vogelsang, Perron

and Yabu, and Bai-Perron, there is strong evidence that the unemployment rates of

these provinces are converging to the national level of the unemployment rate. This

conclusion is stronger when we allow for more than one break in the trend function.
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Tables

Tablel: Resuits from unit root tests without break
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ADF AprCL®
Province NO regressors with ¢ withc & t with ¢ withc & t
Alberta -0.937 -1.707 -1.661 -1.547 -1.601
British Columbia -1.535 -1.449 -1.558 1223 -1.585
Manitoba -1.048 3057 3050 30507 3.061°
New Brumswick -1.051 3057° 3370 2880 3389¢
Newfoundland 0.008 2287 ame® 09 3.038°
Nova Scotia -1.081 a3® 4335 20m° 29370
Ontario -0.876 1217 1741 -1232 -1.352
PEI -0.842 2472 2800 217 281t
Quebee 0725 3205¢ 40165 2314°  276%
Saskatchewan -1.102 -1.952 -2.263 -1 .806d -2.254
abc and a show significance at 1%, 2.5%, 5%, and 10% level of significance.

¢ and t denote the intercept and the time trend.



Table 2: Results of unit root tests with break

Province Statistic td k TB 1 TB2
Alberta MSB 0.174 1 1983:2

P 17.081 1 1983:2

Lp -6.357c 0 1982:4 1989:3
British Columbia  MSB 0.273 1 1989:4

P 41.069 1 1989:4

LP -4.486 0 1981:3 1997:1
Manitoba MSB 0.169 1 1987:1

P 15.115 1 1987:1

LP -5.999d 0 1987:2  1990:2
New Brunswick MSB 0.125 b 1 1991:4

PT 7988% 1 19914

LP -5.578 7 1991:4 1996:2
Newfoundland ~ MSB 0110% 3 19832

P 6543% 3 19832

LpP -5.959d 3 1979:2 1983:4
Nova Scotia MSB 0.125 b 1 1997:4

P 8.852 b 1 1985:2

Lp -7.13SC 0 1984:2 1992:4
Ontario MSB 0.225 1 1989:3

PT 27.312 1 1984:1

LP 6786 7 19832 19902
PEI MSB 0.138 d 1 1989:2

PT 1021 1 19872

LP -5.219 0 1984:3 1988:4
Quebec MSB 0.150 1 1977:1

Pr 11.419 d 1 1977:1

LP -4.689 7 1983:4 1999:3
Saskatechwan MSB 0.196 1 1993:1

PT 19.724 1 1993:1

LP -4.508 8 1985:1 1950:3
5,6, and d show significance at 1%, 2.5%, 5%, and 10% level of significance.
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Table 3: Emprical results using the Z¢ regression and t— P ST statistics without ']T correction
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Province (t—y;tat) (t—i;fat) (t—l;iat) (t—ﬂsia,t) Tp

Alberta -3319% 1557 0.258 -4.054° 1982:4
(-1.956) (-0.120) (0.437) (-3.176)

British Columbia ~ -0.806 8.869° -1.495% 3.891% 1989:3
(-0.967) (2.523) (-1.205) (1.062)

Manitoba 2.208¢ 0.267 0840% 2.837° 1987:1
(3.427) (0.083) (-1.484) (-1.852)

New Brunswick  3.777° 0.508 1.976° 2.491 1990:3
(6.902) (0.234) (2.186) (0.810)

Newfoundland 7.486° -6.405 8.526° 0.929 1983:3
(6.295) (-0.771) (17.064) (0.831)

Nova Scotia 2439 2151 2.898° -0.824 1984:3
(3.004) (-0.422) (6.751) (-0.814)

Ontario -0470% -4.450° -0.606% -0.486 1990:2
(-1.575) (-3.704) (-1.284) (-0.308)

PEI 1.930° 2.132 7.136° -4.505¢ 1989:1
(2579 (0.652) (7.501) (1575

Quebec 1.847% 4.029 1.927¢ -0.074 1982:3
(1.578) (0.436) (5.045) (-0.091)

Saskatchewan -4.434° 5.722° 3.193¢ 2.763 1990:3
(-5.705) (1.856) (-2.488) (0.633)

10% critical value :i:l.570 :|:1.330 :tl.140 i0.936

5% critical value  T12.190 1760 +1.500 +1.270

a,b,c,

and d show significance at 1%, 2.5%, 5%, and 10% level of significance.



Table 4: Emprical results using the 2% regression and t— P ST statistics with J" T correction

iy B, fa B2 .
Province (5% t-stat) (5% t-stat) (5% t-stat) (5% t-stat) Ty
(10% t-stat) (10% t-stat) (10% t-stat) (10% t-stat)
Alberta 3319 -1.557 0.258 -4.054% 1982:4
(-1.212) (:0.028) (0.064) (-0.782)
(-1.302) (-0.043) (0.106) (-1.158)
British Columbia -0.806 8.869 -1.495 3.891 1989:3
(:0.073) (0.001) (0.000) (0.001)
(-0.108) ©.01) (-0.001) (0.005)
Manitoba 2208% 0.267 084 2.837 1987:1
(-2.016) (0.016) 0.177) (-0.392)
(2.182) (0.026) (-0.309) (-0.606)
New Brunswick 3.777c 0.508 1.976 2.491 1990:3
(4.848) (0.080) (0.531) (0.288)
(5.111) (0.109) (0.769) (0.385)
Newfoundland 7.486° -6.405 8.526° 0.929 1983:3
(4.881) (-0.354) (6.162) (0.395)
(5.070) (-0.446) (8.039) (0.486)
Nova Scotia 2.439° 2.151 2.898° 0.824 1984:3
2392) (-0.210) @711) (-0.418)
(2.475) (-0.258) (3.440) (-0.504)
Ontario 0470 -4.450 -0.606 -0.486 1990:2
(-0.204) (:0.022) (-0.002) (-0.002)
(-0.378) (-0.100) (-0.009) (-0.009)
PEI 1.930% 2132 7.136% 4595 1989:1
(1.499) (0.125) (0.864) (-0.324)
(1.625) (0.204) (1.519) (-0.505)
Quebec 1.847 4.029 1627 0.074 1982:3
(0.802) (0.055) (0.336) (-0.013)
(0.888) (0.101) (0.681) (-0.022)
Saskatchewan —4.434d 5.722 -3.193 2.763 1990:3
(-1.831) (0.058) (-0.026) (0.023)
(-2.170) (0.160) (-0.086) (0.058)
10% critical value +1.570 +1330 +1.140 +o0.936
5% critical value 42.190 +1.760 “+1.500 1270

a,b,c, .d

and ~ show significance at 1%, 2.5%, 5%, and 10% level of significance.
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Table 5: Emprical results using the /¢ regression and T——l/ 2ty statistics

83

Province Lt—-ﬂ:tat) (t —i;at) (t—l?tat) (t—ﬁsztat) Ts

Alberta 3392° 0.722 0.044 3457 1982:4
(-1.223) (-0.043) (0.029) (1213)

British Columbia  -0.389 6.882 -0.797 1.826 1989:3
(-0.130) 0.738) (-0.287) (0.246)

Manitoba 2.149¢ 20278 0.838 2495 1987:1
(-1.189) (-0.041) (-0.598) (-0.769)

New Brunswick 3.7SSC 0.700 2.040 1.883 1990:3
(1.629) (0.105) (0.893) (0.289)

Newfoundland 7471¢ 6.713 8.775¢ 0254 1983:3
(2.093) (-0.345) (4.208) (0.063)

Nova Scotia 2.452c -2.342 3.066 -1.351 1984:3
(1.075) (-0.212) (2.110) (-0.455)

Ontario 0570 4022 -0.828 0.350 1950:2
(-0.514) (-1.229) (-0.766) (0.115)

PEI 1.666 3.516 6017% 4359 1989:1
(0.515) 0.337) (2392) (-0.581)

Quebec 1.725¢ 5.249 1.995 -0.383 1982:3
(0.985) (0.480) (2.145) (-0.220)

Saskatchewan -4.5 10c 6.191 -3.342 3.009 1990:3
(-2.063) 0977 (-1.542) (0.487)

10% critical value 0,671 +1.470 32370 +1.480

5%critical value ~ 7F0.875 =+2.000 =+3.000 +2010

a)b1c7

and d show significance at 1%, 2.5%, 5%, and 10% level of significance.



Table 6: Summary of emprical results from Volgelsang and Perron and Yabu methodologies
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Vogelsang Perron & Yabu
t— PSr t— PSp T_1/2ty WRQF
I (O) Errors Assumed Robust to I ( ].)Errors Robust to I ( 1) Errors | Robust to I ( 1) Errors
Province Pre-break  Post-break  Pre-break  Post-break  Pre-break  Post-break | Pre-break  Post-break
Alberta d c u [ d u c C
British c C u E u u [ C
Columbia
Manitoba c D c u d u d C
NB d d d u d u d c
NF c d c d c d C D
Nova Scotia c c c c c u C c
Ontario D d u E u u D D
PEI d C d c u c D C
Quebec d c u u d u D D
Saskatchewan C c c u ¢ u C C
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Table 7: Results from applying Perron and Yabu

Intercept Siope
Province WRQ I TB Pre-break  Post-break | Pre-break  Post-break
Alberta 1.778% 10824 | -3.392° 3.638° -0.007 -0.035%
British Columbia 37527 1989:3 | -0389 4.193° 0.069° 0.018¢
Manitoba 0.769 1987:1 | -2.149° 1.437° -0.003 0.025°
New Brunswick 0923 1990:3 | 3755 2127 0.007 0.019
Newfoundland 2799 19833 | 7471° 3.386° -0.067° 0.003¢
Nova Scotia 25375 19843 | 2452° 1.435° 0.023° -0.014
Ontario 36147 19902 | -05m1C 2.075° -0.040° 0.004¢
PEI 0972 1989:1 | 1.667° 3.387° 0.035° 0.044°
Quebec 3.965° 1982:3 | 1.725% -1.148° 0.053¢ -0.004¢
Saskatchewan 1.196 19903 | -4511¢  -2.485° 0.062° 0.030°
a,b, ¢, and d show significance at 1%, 2.5%, 5%, and 10% level of significance.
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Table 10: Summary of Bai-Perron

Province Regime 1  Regime2  Regime3  Regime4  Regime$5
Alberta d C d

BC c C C C

Manitoba C C C u

NB C c c C

NF o] d C

NS C (o C

Ontario d d C C

PEI D C C

Quebec D C C (o u
Saskatechwan c C d u
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Figure 1: Deviation of the unemployment rates of the Canadian provinces from
the unemployment rate of Canada.
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Figure 2: Deviation of the unemployment rates of the Canadian provinces from
the unemployment rate of Canada.
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Chapter 3
Persistence in Unemployment: Evidence
from Canada and the Canadian Provinces

3.1 Introduction

One of the main theories of macroeconomics is the natural rate of unemployment
theory, by Friedman (1968) and Phelps (1967). According to this theory, the unem-
ployment rate is stationary around the natural rate of unemployment and any shock to
the unemployment rate will have a temporary effect and the unemployment rate will
return to its natural rate. However, the behavior of the unemployment rates in 1970s
and 1980s, i.e., persistent and high for a long period of time, has lead to questioning
the validity of this theory. New theories were needed to describe this phenomenon.
Blanchard and Summers (1987) proposed an alternative theory called the hysteresis
theory of unemployment rate, which states that shocks to the unemployment rate will
have a permanent effect on the unemployment rate. They define hysteresis as, "a very
high dependence of current unemployment rate on past unemployment rates". The
hysteresis effect can be explained by the fact that individuals who have been unem-
ployed for long periods, are likely to remain unemployed, since their skills eventually
decline. This means that the past unemployment affects the current and future unem-
ployment rates.

It is very important for policy makers to know whether the unemployment rate
is persistent. When evidence of persistence is found, any interference in the labor
market that changes the unemployment rate will affect it for an extended period.
Conversely, when the unemployment rate is not persistent, the effect of this inter-
ference will disappear in the short run and unemployment will return to its original
starting point. Therefore, the interference is not justified.

In this paper, we investigate the degree of persistence in the unemployment
rates of Canada and the ten Canadian provinces. In fact, we try to answer the follow-
ing questions: Are the unemployment rates in Canada and the Canadian provinces
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persistent? Is the persistence constant or has it changed over time? We are also in-
terested to see which one of the above mentioned theories describes the movements
in these unemployment rates, the traditional theory of unemployment rate or the hys-
teresis theory.

Unit root tests provide one way to assess persistence. Using these tests, the
researcher checks for the integration order of the variable. When the variable is
integrated of order one, /(1), the variable has unit root and is persistent. On the other
hand, when the variable is 7(0), it is stationary and not persistent. However, most
unit root tests have low power to reject the null hypothesis of unit root, when the root
is close to unity. In other words, it is hard to distinguish a unit root from a close to
unit root case.

Another tool that we can use to examine the persistence of variable is building
the confidence interval for the autoregressive coefficient. This interval can be con-
structed for the largest autoregressive root, or for the sum of the autoregressive roots.
In both cases, when the interval contains unity, we can conclude that the variable is
difference stationary, /(1), and when it does not include unity, it is trend stationary,
I(0). Being a difference stationary, implies that the variable has unit root and is per-
sistent. In the literature, several methods are available to construct the confidence
intervals: the asymptotic method, local to unity of Stock (1991), percentile-t of Hall
(1992), percentile bootstrap of Efron and Tibshirani (1993), grid bootstrap of Hansen
(1999), amongst many.

Finally, we want to check the stability of the persistence in the unemployment
rate series to see whether it has remained constant or has changed over time. To this
end, we use a method proposed by Bai and Perron (1998, 2003), which allows multi-
ple breaks in the data. The number of break points and their locations are determined
endogenously in the model. Using this approach, we are able to test the stability of
the persistence in the data.

The behavior of unemployment rates has been studied by many researchers in
numerous countries. Blanchard and Summer (1986), estimate an AR(1) model for
the unemployment rates in the U.K. and the United States. Based on the autoregres-
sive coefficient, they concluded that the unemployment rates in these two countries
are persistent and that they have a weak tendency to return to their mean. Fortin
(1989, 1991) checked for the existence of hysteresis in the unemployment rate in
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Canada from 1957-1999. By estimating a Philips curve, which included expected in-
flation, he concluded that a negative hysteresis was present for data from 1957-1972.
During 1973-1990, he found evidence of positive hysteresis in the data. Milbourne,
Purvis, and Scoones (1991) built a labor market model to investigate the effect of
the Canadian unemployment insurance system on unemployment. Using this model
and the monthly unemployment data for Canada from 1970-1988, they showed that
features of the Canadian unemployment insurance system makes the natural rate of
unemployment dependent on its past values, which means persistence in the data.

Jaeger and Parkinson (1994), used the unemployment rate data from Canada,
Germany, the U K., and the U.S. to test for hysteresis. They used augmented Dickey-
Fuller (ADF) unit root tests and unobserved component model and concluded that
hysteresis effects existed in the data. Jones (1995) investigated hysteresis in the un-
employment rate of Canada and concluded that there is no firm evidence of hystere-
sis, though he did not rule out the possibility of hysteresis. Roed (1996), examined
the unemployment rates in 16 OECD countries, including Canada. The results from
ADF unit root tests and the Kwiatkowsky, Phillips, Schmidt, and Shin (1992) test
for stationarity (KPSS), confirmed the hysteresis effect in the unemployment rates in
Canada, Australia, Japan, and several European countries over the period of 1970-
1994. Koustas and Veloce (1996) used disaggregated unemployment data by gender
and age in Canada and the USA. They applied long memory models to the data and
concluded that persistence in Canada is higher than in the USA. In addition, persis-
tence is higher for adult males than adult females. Nott (1996), using a nonlinear
Philips curve, did not find the hysteresis effect in Canadian unemployment. In addi-
tion, she estimated the linear Philips curve used by Fortin (1991) during 1954-1995.
Her results contradicted the findings of Fortin (1991). Hence, she concluded that
there was no hysteresis in the Canadian unemployment rate.

Song and Wu (1997), studied hysteresis using annual data for 48 U.S. states
from 1962-1993. They reported that although standard unit root tests cannot reject
the hypothesis of unit root, they could reject this hypothesis using more powerful
panel-based tests. Binachi and Zoega (1998) pointed out that it is very important to
take into consideration the occasional shifts in the mean of unemployment. They used
Markov Switching models to study persistence in unemployment in OECD countries.
They found that when considering the possibility of mean shifting in the modelling
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process, the results show that there is no evidence of persistencé in unemployment
rates. Their data for Canada was from 1970-1996, and they determined three different
regimes for this data. Keil and Pantuosco (1998) have studied the Canadian and US
regional unemployment rates to find an explanation for persistent gép between the
unemployment rates in Canada and US, since 1982. In this paper, they also briefly
address persistence in the unemployment rates. Using the coefficient of the lagged
dependent variable in a panel data model as an indicator of persistence, they find
some indications of persistence in Canada. Their results show that this coefficient
varies between 0.73 and 0.92, depending on the specification of the model.

Arestis and Mariscal (2000) applied the structural break univariate unit root
test of Perron (1997) to the unemployment rates from twenty-two OECD countries.
The test allows for one endogenously determined structural break in each unit root
test. Although their results are mixed, they mostly reject the unit root null hypothe-
sis and hysteresis. The results imply that the unemployment rate in Canada, during
the time span of 1960:1-1997:2, was trend stationary with no break points, which
means that the unemployment rate in Canada fluctuated around its mean and there
was no sign of hysteresis. Papell, Murray, and Ghiblawi (2000) examined the post-
war unemployment rates for sixteen OECD countries. They applied various unit root
tests and concluded that when a one-time structural break is allowed, the unit root
hypothesis can be rejected for most countries and the degree of persistence falls sig-
nificantly. Next, they tested for multiple break points and found one or two breaks
for most of the data. These break points clustered around 1973-75, 1980-82, and
1988-91. They were able to reject hysteresis for most of countries, while allowing
for breaks in data. Gil-Alana (2002) analyzed the persistence in the unemployment in
Canada from 1966 to 2000, using ARFIMA models. He determined an ARFIMA(O,
1.37, 0) model as the best specification and concluded that unemployment in Canada
was highly persistent during this period. Wu (2003) studied persistence in the re-
gional unemployment rates in China. He used panel unit root tests and found that
provincial unemploymeni is more persistent than the national unemployment. In ad-
dition, persistence in the total unemployment rate is higher than persistence in the
unemployment rate of the youth.

Camarero and Tamarit (2004) applied multivariate SURE unit root tests to the
unemployment rate of nineteen OECD countries, from 1956-2001. Their results in-
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dicate that there is no evidence of hysteresis in most of these countries, including
Canada. Mikhail, Eberwein and Handa (2005), investigated the persistence in aggre-
gate and sectoral Canadian unemployment from 1976 to 1999. They used "corrected
for short-range dependency modified rescaled-range test statistic" to address this is-
sue. The results provided strong evidence of persistence and they concluded that
the fluctuations in aggregate and sectoral Canadian unemployment, are persistent.
Recently, they reinvestigated persistence in the aggregate Canadian unemployment,
using ARFIMA models. Using data from 1976-1998, they found that the persistence
in the unemployment rate of Canada holds in the short and medium run. However,
in the long run, persistence is uncertain. Gustavsson and Osterholm (2006) used the
unit root test of Kapetanios, Shin, and Snell (2003) to address the hysteresis prob-
lem in monthly unemployment data from Australia, Canada, Finland, Sweden, and
the USA. They concluded that by allowing non-linearity in the tests, much less ev-
idence of hysteresis can be found in the data, with respect to a standard ADF test.
They could reject hysteresis in all countries, except Australia. Their time span for
Canada was from 1976:1 -2005:1.

Persistence in the national unemployment rate of Canada has been studied by
many researchers; however, to the best of our knowledge, this paper is the first to
attempt to study the hysteresis effect or persistence in the unemployment rates of the
Canadian provinces. We conduct extensive tests in order to check for the existence
of persistence and to determine the degree of persistence.

The remainder of this paper is organized as follows. The next section provides
the methodological issues used in this paper, including different unit root tests and
various methods to construct a confidence interval. We also describe the approach
of Bai and Perron (1998, 2003), which allows multiple breaks in the data. Section
3 provides a brief look at the data and the empirical results from various methods.

Finally, section 4 concludes.

3.2 Methodology

One of the most important problems in studying the time series variables is the per-
sistence and, as mentioned earlier, the autoregressive root of time series data plays a
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very important role in the literature about persistence. If the data has a root equal to
one, then that variable is persistent and shocks will have a permanent effect. There-
fore, we can use the root of the unemployment rates to investigate the hysteresis
effect in the unemployment rates. It is possible to use some unit root tests to examine
the null hypothesis, that the root is equal to one. If this is the case, we can conclude
that there is a hysteresis effect in the unemployment rates. On the other hand, if we
can reject the null hypothesis of unit root, we can say that there is no hysteresis effect
in the data.

Another tool that we can use to check for hysteresis in the unemployment rates
is the confidence interval of the root(s). In this method, we can construct a confidence
interval for the largest autoregressive coefficient or a confidence interval for the sum
of the autoregressive coefficients. When the confidence interval contains unity, we
can conclude that the variable is very persistent and any shock will have a permanent
effect.

3.2.1 Unit root Tests

The Augmented Dickey-Fuller (ADF) test

This test has been proposed by Dickey and Fuller (1979), Said and Dickey
(1984). The test consists of estimating the following regression:

k
Ajy = a1 + Z’)’iA@t—i + €

i=1

where § = Y — por gy = yp — b — 325, y; is the time series being tested, ¢ is
the time trend, A is the first difference operator and % is the number of lags, which
must be determined in such a way that the ¢; become serially uncorrelated. Using
this estimation, we test for a null hypothesis that @ = 0. If we cannot reject this

hypothesis, then we have a unit root and the series is not stationary.
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ADFCLS test

To improve the power of the unit root test, ERS (1996) have proposed a new
method for unit root testing called ADFSZS. This is an ADF type test, which uses
GLS detrended data. The ADFGL¥ statistic can be constructed using the following
equation

k
Agy = a1+ Z'YiA'gt—i + e
i=1

o LS . ~GLS . . .
with §; = 4, — ¢ 2 and the set of coefficients ¢y minimizes

T

S@,a) =) [yF —v 2]

t=1

where ¥ = [y1,(1 —al)y), 22 = [z1,(1 — @al)z], fort = 2,...,T; and & =
1 + ¢/T representing a value under the alternative hypothesis. In addition, we have
2z = {1} or z; = {1,t}, which represent the deterministic components included in

the detrending regression. ERS define a new time series as

& __ yt, lft == ].
T v oy, >
where & = 1+ ¢/T. ERS recommend the use of & = 1 — 7/T for a model with only
an intercept and @ = 1 — 13.5/7 for a model with an intercept and a time trend.
At the next step, an ADF test can be carried out using the transformed data as
follows
k
Y = g1 + Z YilJe—i + Mg

i=1

As with the ADF test, we consider the {—ratio of & from this regression. This
t—ratio follows a Dickey-Fuller distribution when only an intercept has entered in
this equation. However, when we include both an intercept and a time trend, the
distribution differs. ERS simulated the critical values for the latter case.

Perron (1989) showed that ADF type tests fail to reject the unit root null hy-
pothesis when the series is stationary with a broken trend. In other words, the failure
to reject the null hypothesis of unit root might arise from exogenous changes in the
data generating process. Hence, he proposed allowing for one break in the ADF test,
assuming that this break point is known and exogenous. However, the problem with
this method is that we must know the break date prior to testing for a unit root. To




98

overcome this problem other unit root tests, including Zivot and Andrews (1992),
Perron (1997), Lumsdaine and Papell (1997), and Perron and Rodriguez (2003), in-
ter alia, have been developed, which allow determination of the break date as an

endogenous parameter in the model.

An ADFSLS unit root test with 1 break

Perron and Rodriguez (2003) extended the GLS detrending approach of ERS
(1996) and Ng and Perron (2001) to the context of structural change. They con-
sidered a break, under the alternative hypothesis, in the slope or a break in both
the intercept and slope of the trend function of y;. The break point is determined
endogenously. As in the case of the ADF®LS without structural change, we have
z = {1,t,1(t > Tg) x (t —Tg)} or 2z = {1,1(t > T),t,1(t > Tp)(t — Tp)}
which represents the deterministic components included in the deterending regres-
sion. Using simulations, Perron and Rodriguez (2003) selected ¢ = —22.5 as the
optimal non-centrality parameter. Therefore, this value is used in this paper to carry
out this test. To determine the optimal lag we can use information criteria. Perron
and Rodriguez (2003) also introduced the structural break in a group of unit root tests
called M-tests, which were originally suggested by Stock (1999).!

Recently, Rodriguez (2007) constructed a new version of these tests, which
only allow a break in the intercept. We also use these tests to check for the existence
of unit root in the data under study.

Unit root tests with 2 breaks

The previous test allows for only one break in each time series; however, it
is possible to have multiple structural breaks in the series. Therefore, considering
only one endogenous break point may not be sufficient and this could cause a loss
in information when there is more than one break (Lumsdaine and Papell, 1997).
Lumsdaine and Papell (1997) proposed a new procedure that allows one to examine
the significance of two structural breaks. They use a modified version of the ADF

! Further details about these unit root tests can be found in Perron and Rodriguez (2003).



99

test with two endogenous breaks as follows:
&
Aye = pi+ Bt + DU, + 6DT1; + wDU2 + oDT2 + a1 + »_ ¥ilAys—i + &
. i=1

where DU1, = 1 ift > TB1 and zero otherwise; DU2, = 1ift > TB2 and
zero otherwise; DT1, = t — TB1 if t > TB1 and zero otherwise; and finally
DT2, = t—TB2ift > TB2 and zero otherwise. DU1; and DU2; capture the
structural breaks in the intercept at time 7'B1 and T B2, respectively. The other two
dummy variables, DT'1; and DT2,, capture the structural changes in the slope at time
T B1 and T B2, respectively. The optimal lag length can be determined based on the
general to specific approach using ¢ tests as suggested by Ng and Perron (1995). The
break points are selected based on the minimum value of the ¢ statistic for a.

3.2.2 Building Confidence Intervals

Many researchers have studied the measurement of the persistence of time series
variables, such as Stock (1991), Hall (1992), Efron and Tibshirani (1993), Hansen
(1999), to name few. To examine the persistence of any variable, it is possible to use
unit root tests or construct the confidence interval of the autoregressive coefficient
of the variable. However, it is well known that unit root tests may fail to reject the
null hypothesis of unit root when the root is close to the unity. Hence, an alternative
approach such as confidence interval, might be more informative than the unit root
tests. If the confidence interval contains the unity, then the variable is integrated and
persistent. When this interval does not include unity, the variable is 7(0).

In literature about unemployment rate, researchers usually assume that the un-

employment rate (ur) follows an autoregressive process of order &

k
ury =y + Z PiUTt—; + €y, & ~1.5.d.(0, 0%).

i=1
The largest autoregressive coefficient (p) or the sum of the autoregressive coef-
ficients (P) can be used to measure the persistence of the unemployment rate. When
p = 1 or P = 1 shocks will have a permanent effect on the unemployment rate,

which is known as hysteresis.
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There are several ways of building the confidence interval in the literature. As-
ymptotic confidence interval is the conventional way, in this approach the lower and
upper bounds of the 90% confidence interval can be calculated as the point estimate
of the root £1.645 standard error. However, as noted by researchers, this way of cal-
culating the confidence interval is not appropriate when the root is near to unity and
its value is large. In addition, this method is not useful in constructing the confidence
interval when the variable is integrated and has a unit root, since the traditional as-
ymptotic theory is discontinuous in this case (Torous et al., 2004, p. 943). At the
same time, according to the empirical work on the persistency of the time series vari-
ables, it is well known that most macroeconomic variables have a root close or equal
to unity. Therefore, the standard asymptotic method of constructing a confidence
interval is problematic.

In order to overcome this deficiency, new methods have been developed that
are robust to the presence of a root close or on the unit circle. Stock (1991), using the
local to unity framework of Bobkoski (1983), Cavanagh (1985), and Philips (1987),
developed a method to construct the confidence interval of the largest autoregressive
root by inverting ADF t—tests. According to this theory, the largest autoregressive
root p modeled as p = 1 + ¢/T, where c is a real valued constant, which shows
the deviation from unit root case and T is the sample size. Here, as the sample size
increases the autoregressive parameter converges to unity. In this framework, when ¢
is zero, the series has unit root and is integrated. When c is negative, the series is near
to integrated and has large but stationary root. On the other hand, when c is positive
the series has explosive root.

Since p is close to unity, in practice, it will be very difficult to distinguish
stationarity of the series from non-stationarity. However, given the distribution of
ADF statistic under the local to unity theory, we can get the confidence interval of
the root. Suppose that the value of the ADF statistics is 7(c), then a 100(1-a)%

confidence interval for this value will be:

{fosalc) £ 7(c) < fi-0salc)}

where fy5,(c) and f1_g54(c) are the 0.5« and 1 — 0.5a percentiles of 7 as a func-
tion of c. Since f is strictly monotone in ¢, therefore, we can build the confidence
interval of ¢ by inverting f. Hence the 100(1 — a)% confidence interval of c will be



101

{fo5a(c) < ¢ < filisalc)}, see Torous et al., 2004, p. 943.Confidence interval of
p can be bu11d using the confidence interval for ¢, since p = 1 + ¢/T. Originally, Ca-
vanagh (1985) proposed this method to build a confidence interval solely for a first
order autoregressive model with no intercept. However, Stock (1991) extended the
original work to a general case, a higher order autoregressive model with intercept,
or an intercept and a time trend. He showed that the confidence intervals built using
this method are asymptotically valid.

Hall (1992) proposed another method to build the confidence interval. This
method is called percentile-¢. In this method, the estimated value of the autoregres-
sive coefficient, using OLS, is considered as the true value and is used to evaluate
the sampling distribution of the ¢-statistic and build the confidence interval. How-
ever, the percentile- is useful for location statistics" such as median, trimmed mean,
and sample percentile and the results from applying that to other statistics will not
be accurate (Efron and Tibshirani, 1998, p. 162). In addition, recall that these confi-
dence intervals are just approximations. To get a better approximation it is possible
to apply bootstrapping techniques. These techniques improve the performance of the
conventional asymptotic approximations.’* Hence, Efron and Tibshirani (1993) pro-
pose to use bootstrapping methods to improve the credibility of percentile-¢ method
and its coverage. They propose an improved version of percentile method called
bias-corrected and accelerated bootstrap percentile (BC,,) . The percentile interval

(@) ~*x(1—a)

of ¢ can be constructed as (§ € ) , where, * shows the bootstrap replicates

and £ ") shows the 100.ath percentile of the bootstrap distribution. Therefore, when
a = 0.05 and the number of replications (B) is 2000, the (5 e 05), é*(o 95)) is the
interval that contains the 100th to the 1900¢h ordered values of the 2000 numbers
¢ ’ (b) . Now, consider the problem of constructing a confidence interval for £ using

BC, method. In this case, for any ¢, the confidence interval will be

(E*(al), é_* a2)>

13 A location statistic is a statistic such that a decrease in the variable by a constant value of ¢ de-
creases the statistic itself by c.

14 TInstead of using the asymptotic sampling distribution, the bootstrapping technique uses an exact
distribution that acts as real distribution of the population.
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where

. R 20 _i..z(a)
n 20 +Z(1_a)
=
o <ZO + 1-4 (% + 20-9)

Here, ® (.) is the standard normal cumulative distribution function and 2z(®) is the
100ath percentile point of a standard normal distribution (Efron, Tibshirani, 1993,
p. 185). For example, 2(%%) = 1.285 and ® (1.285) = 0.90.

The results from the percentile-t and BC, methods will be equal when g and
Zp are zero. However, this is not generally the case. The value of bias-correction, 2q,
can be directly obtained by counting the number of the bootstrap cases that give a

value less than the original estimate for the E , Le.,

4 — o1 (#{5 o <£>’

here, Z; measures the median bias of f ¥,

There are several ways to compute the acceleration parameter a. The easi-
est way is to calculate it using jackknife values of é‘ . In the jackknife method, £ ()
shows the value of the statistic calculated from a sample where the ith observation is

(60~ 40)

(&, - z)) oz’

deleted. The expression of a 18

o>

n
2
=—0
6{_
i=1
where 5() = Z 5(1)/71
Kilian ( 1998) introduced a biased-corrected percentile bootstrapping method
to calculate the confidence interval for the impulse responses. Assume that in a VAR
context, ¢, ; shows the response of variable k to a one-time impulse in variable [,
in ¢ periods ago. The asymptotic distribution of (¥, ; is normal; however, the small
sample distribution of this estimate could be biased and skewed (Kilian, 1998, p.
219). Bootstrapping methods allow for skewness by not imposing symmetry. How-
ever, these methods assume that ¢y, ; is unbiased, which might not be the case in
small samples. Using the biased estimated coefficients will cause a bias in the esti-
mated confidence interval. Therefore, it is necessary to use an unbiased estimation
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of the coefficients in constructing the intervals. Kilian (1998), attempts to tackle this
problem in constructing the confidence intervals, based on bootstrapping methods,
by proposing an indirect way of correcting for the bias. Kilian’s biased-corrected
bootstrap method consists of the following steps. First, estimate the V AR(k) model
and generate 1000 bootstrapping replications B* from

y; =0+ B+ + Bryp + e (3.1)

using standard bootstrapping techniques. Then approximate the bias term ¥ by ¥ =
B* — B , where * shows the bootstrap replications. Second, calculate the modulus of
the largest root and the companion matrix associated with 3 and denote that by m(B).
If m(B) > 1, use 3 without any adjustments. However, if m(5) < 1, use the bias
corrected coefficient 8 = 3 — U. If m(B) > 1,let ¥; = ¥ and also w; = 1 and
define the bias as \f’iﬂ = wi\i!i and w; 1 = w; — 0.01. Use the new biased corrected
B fori=1,2,...until m(ﬁz) < 1. Now, substitute 3 for B in equation (??) and using
bootstrapping techniques, generate 2000 replicates /3’* ¥ from the previous step can
be used as a proxy for ' Third, calculate B*and g by following the algorithm in
the second step. Finally, calculate the o and 1 — o percentile interval endpoints of
the distribution of ¢j, ;. This approach is designed for stationary models and it is not
asymptotically valid for non-stationary models (Kilian, 1998, p.255). Nevertheless,
it has good coverage for non-stationary cases without time trends.

The Percentile-t method of Hall (1992) uses OLS to estimate the value of the
autoregressive coefficient and uses this estimated value as the true value to evaluate
the sampling distribution of the ¢-statistic and build the confidence interval. How-
ever, as noted by Hansen (1999, p. 595), the confidence interval built based on the
percentile-t method has incorrect first order asymptotic coverage. That is, the inter-
val constructed using this approach cannot properly control type I error. This is even
true for large samples. In addition, the conventional bootstrap cannot satisfy the first-
order asymptotic consistency since the asymptotic distributions from this approach
depend on ¢ which is not estimable (Basawa et al. 1991). Therefore, Hansen (1999)
proposed using a grid bootstrapping procedure. This procedure gives a confidence
interval that is asymptotically valid and can control for type I error, even in the cases

where the root is close to one.
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Hansen (1999), using Monte Carlo simulations, found that the grid point boot-
strapping way of constructing a confidence interval is asymptotically valid and pro-
vides good coverage in finite samples. Two types of grid intervals proposed by
Hansen (1999) are grid-« and grid-¢, which are defined based on the type of statistics
chosen for testing the hypothesis. In the former case, the statistic is 5(§) = £—¢and
in the latter case, this statistic is a ¢-statistic t(£) = (€ — £)/s(€). Contrary to conven-
tional bootstrapping methods the grid search method does not use the point estimate
of . Instead, the bootstrap quantile function is a function free of £ (Hansen , 1999 p.
596).

To construct the confidence interval, we must have the bootstrap quantile func-
tion ¢ (c|€).However, in practice this function is unknown, therefore, it must be
estimated. To estimate this function we can use simulation and bootstrapping as fol-
lows: Suppose the bootstrap distribution of the sample for a given ¢ is G} (z|§) =
Gn(zl€, 7(&)),where £ is the parameter of interest and 7 is the nuisance parameters.
Then generate B random samples X;: from this distribution. For each generated sam- -
ple, calculate the statistic S} (&), where S;; () is a nondegenerate test statistic to test
the hypothesis Hy : £ = &,, and sort the B calculated S} (£).The simulation estimate
of ¢ (a|¢) will be 100a% order statistic G (a|¢). Now, construct g;; (c|€) for different
possible £s in a grid, say Ag = [£1,&,, ..., §¢]- Then use kernel regression to smooth
the estimated ¢ (|€). The kernel estimate for every given ¢ is

> K(SH) g (ale)
g(ale) ==
LK

In this function K(.) is a kernel function and h is a bandwidth. These smoothed
g (a|&) can be used to construct the confidence set C,, :

Cy=1{6 € R: G (an]€) < 5n(€) < @(al€)}-

The intersection of % (a;|€) and S, (&) will give the lower bound of the con-
fidence interval for £ and the intersection of G’ (a»|€) and S, (&) will give the upper
bound. Now, assume that the observed data y, can be explained by an AR(k) model

Ys = pho + Bt + onYe—1 + Qaypa + ... + OrYs—k + €
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or in ADF form as
Yo = fig + Bt + Pyeo1 + py D yeor + oo+ 0 A Yio1 + €

In this representation, the parameter of interest (£) is P , the sum of the autoregres-
sive coefficients, and 7 denotes the remaining nuisance parameters. In addition, & is
the optimal number of lags, to be determined in such a way that no autocorrelation
remains in the residuals. The confidence interval for P can be constructed using grid
bootstrapping by following the above steps.

Hansen (1999) compared the performance of several ways of constructing the
confidence interval. Using Monte Carlo simulations, Hansen (1999, p. 600) showed
that for an AR(1) case, the percentile-t method works well, only when the sample
size is large and the roots are inside the unit circle, i.e., stationary. Kilian’s biased-
corrected percentile method works in the same way as percentile-t methods. How-
ever, its performance is poor when the sample size is small or the roots are near unity.
Stock’s method to construct the confidence interval performs well in the cases where
the root is unity, close to unity, and even when the root is explosive. However, its
performance decreases when the root is small and stationary. Hansen (1999) con-
cludes that the grid bootstrap methods have the best performance in constructing the

confidence intervals.

The approach of Bai and Perron

Bai and Perron (1998, 2003) proposed a method to estimate the multiple struc-
tural changes in a linear model using OLS. Their method gives the possibility of
testing for break against stability of the model. In addition, it is possible to test for a
given number of breaks using different tests, including information criteria, such as
BIC and LWZ (Liu et al, 1997). Applying this method to an autoregressive model
will provide estimations for the autoregressive coefficients before and after the break

points, which can be used to compare persistence in different regimes.'

15 One shortcoming with this method is the fact that it provides a point estimation for the autoregres-
sive coefficients not a confidence interval for them.
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Following the same notation as Bai and Perron (1998, 2003), consider the fol-
lowing multiple linear regression with m breaks:
xiﬁ—{-zicsl—}-et t=1,2,...,T1

B + 2,02 + € t=T1+1,....T,
Yt = .

.’132,6+Z£5m+1+6t t:Tm+1,,T

where z; (px 1) and z; (¢ x 1) are vectors of covariates and S and 6; (j = 1,2, ..., m~+
1) are the corresponding vectors of coefficients and ¢, is the disturbance term at time
t. This method attempts to estimate the unknown coefficients along with the unknown
break dates. For a pure structural change model, where all the parameters can have
shifts, p = 0, whereas, for a partial structural change model, where some of the
parameters do not have any break or shift, we have p > 0 and ¢ > 0.

In the estimation process we use OLS. To obtain the estimates of the coeffi-
cients and the break dates, we can use an iterative procedure as follows. Assuming
6 = (6, Th, ..., Trn), define the sum of squared residuals as SSR(S3, 6). Using the
method introduced by Sargan (1964), minimize SSR(S, 6) by iteration. First, as-
sume S is fixed and minimize SSR(S, 6) with respect to 6 and then keep @ constant
and minimize SSR(S, 6) with respect to 3. Iterate this procedure until the decrease
in the objective function becomes less than a given number. Bai and Perron (1998,
2003) recommend, for efficiency purpose, to keep {11, ..., T, } constant at the second
step and to minimize the objective function with respect to 5 and § simultaneously.

To estimate the number of breaks Perron and Yabu propose different statistics.
The first statistic is the sup F' type test for no break, m = 0, against an alternative
hypothesis of m = k breaks. Let R be a matrix such that (RS§)’ = (6] — d5, ..., 0}, —

%i1); define

1 T—(k+1)g—p

Fr(A,- - i) = 5 - )& R/(RV(8)R) 'R}

where V() is the estimate of the variance covariance matrix of & which is ro-
bust to serial correlation and heteroscedasticity. Now, define the sup Frr(k;q) =
FT(S\I, oo N g) where Moo de, A = T,/T , minimize the global SSR(.)."* The
asymptotic distribution of this statistic depends on the minimal length & for every

16 This is equivalent to maximizing the F'—test assuming spherical errors.
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segment or in another words, it depends on the trimming parameter. The critical val-
ues can be found in Bai and Perron (2003). In addition, the maximum number of
the breaks depends on the trimming parameter, for example for a 15% trimming, the
maximum number of breaks will be 5.

In using the above-mentioned statistic, the researcher must test no break ver-
sus a pre-specified number of breaks. However, Bai and Perron propose two other
tests, called double maximum tests, which can be used to test for no break against
an unknown number of breaks given some upper limit for the number of breaks
M. The first test is defined as U Dy ax Fr(M,q) = maxi<men Fr(, ooy Am; @)
The second test denoted by W Dyrax Frr(M, q) is defined as W Dy ax Fr(M, q) =
MaXi<m< M cc(gq;‘;)) Fr(M, .oy Am; @), where 5\]- are obtained using global minimiza-
tion of the SSR(.) and ¢(q, o, m) is the critical value of the sup Fr(k; q) = Fr(A, ...,
S\k; q) for a given significance level a.. The critical values can be found in Bai and Per-
ron (2003).

Another statistic is proposed to test for a given number of breaks [, against [ + 1
breaks, which denoted sup Fr(l + 1|I). A model with [ + 1 break will be selected if
the overall minimal value of the SSR(.) is sufficiently smaller than the SSR(.) from
a model with [ breaks. We can repeat this test for [ = 1 to ! = M. Additionally,
the number of breaks can be determined using the information criteria, Bayesian
Information Criteria (BIC) and Liu, Wu, and Zidek (LWZ) (Liu et al, 1997) defined

as follows:

BIC(m) = Iné(m)+gin(T)/T
Sr(Ty, ... T

LWZ(m) = In(Zp=

)+ (F x colIn(T))**%)

where g = (m + 1)g 4+ m + p, and 6%(m) = T-187(T1, ..., i), co = 0.299 and
do = 0.1. Any number of breaks that minimizes these information criteria is the
selected number of breaks for that time series. Finally, repartition and sequential

procedures can be used to determine the exact number of breaks.
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3.3 Empirical results

Quarterly data on unemployment rates from 1976:1-2005:3 for Canada and the ten
Canadian provinces are used in this study to examine the hysteresis hypothesis. The
ten provinces are Alberta, British Columbia (BC), Manitoba, New Brunswick (NB),
Newfoundland (NF), Nova Scotia (NS), Ontario, Prince Edward Island (PEI), Que-
bec, and Saskatchewan. '

Here, we want to study the properties of these unemployment rates. We would
like to see whether the traditional theory of unemployment or the hysteresis theory
of unemployment can describe the movements of these time series. In the former
case, the shocks to the unemployment rates are temporary and they will return to
their long-run level, which is the natural rate of unemployment. On the other hand,
if they can be described by hysteresis theories, then any shock to these variables will
have permanent effect and they will never return to the original steady state level. To
distinguish between these theories, we can use the integration order of the series. Any
stationary series will satisfy the condition for the former theory and a non-stationary
series conforms with hysteresis theories.

Consequently, unit root tests have been popular tool to empirically test the
hysteresis hypothesis. Hence, in this paper, we start with testing for existence of unit
root in the unemployment rates of Canada and the Canadian provinces. To that end,
we use different unit root tests including ADF, ADFCGZ? test of Elliot, et. al. (1996),
ADFCL5 test with one break (Perron and Rodriguez, 2003 and Rodriguez, 2007), and
a minimum LM unit root test with two breaks, proposed by Lumsdaine and Papell
(1997).

Table 1 presents the results obtained from the application of ADF and AD
unit root tests on the unemployment rates. Lag length is selected using Bayesian in-
formation criterion (BIC). The results show that the null hypothesis of unit root can
be rejected for NB, NF, Ontario, and Canada. However, following Perron (1989),
now it is well known that ADF type unit root tests may fail to reject the null hy-

FGLS

pothesis of unit root if there is an exogenous change in the deterministic part of the
series. In other words, if the series is stationary around a broken trend, then these
tests will fail to reject the hypothesis of unit root, even though the series is trend
stationary. Therefore, the possibility of structural breaks has to be taken into con-
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sideration when we are testing for unit root. Here, we use an ADFGLS test, which
allows for a shift in level or broken trend, or both a shift in level and a broken trend,
proposed by Perron and Rodriguez (2003) and Rodriguez (2007). The results of ap-
plying the unit root test of Perron and Rodriguez (2003) on the unemployment rates
are shown in Table 2. We allow for a shift in the intercept and also a broken time
trend in testing for unit root in these series. The results, using the Pr and M SB
statistics, show that by introducing one structural break in the time series of the un-
employment rates, we can reject the hypothesis of unit root in Alberta, Manitoba,
NB, NF, Ontario, PEI, Saskatchewan, and Canada. The estimated break dates, T, ,
are shown in the last column of the table. In addition, we use a unit root test recently
proposed by Rodriguez (2007), which allows for testing the crash models, that is, a
shift in level of the series. This test uses two methods to select the break date: 1) the
SUPREMUM method 2) the INFIMUM method. Results from applying this test are
reported in Table 3. Again, we use Pr and M S B statistics to test for the unit root hy-
pothesis. According to table 3, using this test we can only reject the null hypothesis
of unit root for NB and Ontario.

The unit root tests are very sensitive to the specification of the deterministic
part of the model. Therefore, if there is more than one break point in the data and
we restrict the number of breaks to one, then we misspecify the model. Hence, we
use the minimum LM unit root test proposed by Lumsdaine and Papell (1997), which
allows for two breaks in the series. Two models are estimated for this unit root test:
1) a crash model and 2) a model with a shift in the intercept and a broken trend. The
results are reported in Table 4. According to this table, we can reject the unit root
hypothesis in Alberta, BC, Manitoba, NF, Saskatchewan, and Canada using the crash
model. However, using the model with broken trend and intercept, we can reject this
hypothesis only for Ontario, PEI, Saskatchewan, and Canada. The estimated break
dates are shown by Tz,and T, .

In sum, the results of applying different unit root tests on the unemployment
rate series indicate that except for NS and Quebec, the series for other provinces
do not have a unit root. In other words, the unemployment rates in Canada and the
Canadian provinces are not consistent with hysteresis hypothesis, the exception being

the unemployment rates in NS and Quebec.
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Alternatively, we can investigate the impulse response function of the variable.
However, point estimates of an impulse response alone is not enough and we need
to have the associated confidence interval of the autoregressive coefficient to test for
existence of persistence in the unemployment rate series. There are several ways
of obtaining the confidence interval; however, in this paper we use seven methods
to construct the confidence intervals. These methods are conventional asymptotic
confidence interval( p; + 1.645 x s(p,)), Stock’s (1991) local to unity asymptotic
confidence interval, percentile bootstrap of Efron and Tibshirani (1993), percentile-
t bootstrap of Hall (1992), biased-corrected percentile bootstrap of Kilian (1998),
and grid-a and grid-t of Hansen (1999)"7. We consider two cases in constructing
these confidence intervals: 1) a model with an intercept only and 2) a model with
an intercept and a time trend. The estimated 90%-confidence intervals, based on the
above mentioned methods, are shown in Table 5 and 6. If the calculated interval does
not include the unity, we conclude that the series does not have a unit root. Therefore,
it is not persistent and cannot satisfy the condition for hysteresis. In contrast, if this
interval includes the unity, then the time series does have a unit root and is persistent.

The calculated confidence interval, using percentile bootstrap of Efron and Tib-
shirani (1993), is the only case that does not contain unity in any of the unemploy-
ment rate series. The average lower (upper) bound of the estimated Intervals are
0.787 (0.950) and 0.835 (0.968) for a model with a time trend and a model with no
time trend, respectively. The estimated 90% confidence intervals based on the con-
ventional asymptotic method do not include unity for most, but not all series. At the
same time, the other methods show that the 90%-confidence intervals contain unity
for most series, the exception being the unemployment rate in NF. The estimated
confidence intervals for the unemployment rate in this province do not include unity,
based on most methods.

As it is well known, the conventional asymptotic method of building a confi-
dence interval is incorrect when the root is near to unity. One way to resolve this
problem is by using the grid bootstrapping method proposed by Hansen (1999),
which has superior performance, with respect to other methods.’® Hence, we use
the results from grid-¢ and grid-o of Hansen (1999) to make inference about the per-

17 We use 2 GAUSS code by Hansen (1999) to carry out all confidence interval calculations.
18 Hansen, 1999, p. 601.
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sistence of these unemployment rates. We use 1999 replications and a grid with 200
gridpoints. According to the results of these methods (shown in the last two rows of
the table 5 and 6), the 90% confidence intervals of all series contain unity. There-
fore, all the unemployment rates in the Canadian provinces have unit root and are
persistent. The only exception is the unemployment rate in NF, which a unit root is
excluded when we include only an intercept in the model. The average widths of the
intervals, based on Hansen’s grid-a and grid-¢ in the models with an intercept and a
time trend (only an intercept), are 0.106 and 0.098 (0.103 and 0.099).

These results are calculated assuming that the optimal autoregressive order of
the series is 1; however, this may not always be the case. Therefore, we check for va-
lidity of this assumption. We use the Bayesian information criterion (BIC) to select
the optimal autoregressive order of the series. The results show that it is 2 for Alberta,
BC, Ontario, Quebec, and Canada, 4 for NF, and 1 for the rest. Using these autore-
gressive orders we calculate the 90% confidence interval, based on grid-¢ bootstrap
method of Hansen (1999) and percentile- bootstrap (Hall, 1992). The results are re-
ported in Table 7 and 8§, respectively, for a model with an intercept, a time trend, and
a model with only an intercept. These tables show the estimated Ps and their stan-
dard deviations, along with the 90% confidence intervals. Notice that the estimated
lower bound of P for all series are larger than 0.90, with exception of NB and NF in
Table 7 and NF and PEI in Table 8.

The confidence intervals calculated based on grid-f bootstrap are wider than
the confidence intervals of percentile-¢ bootstrap for all series. In addition, the right
endpoints of the confidence intervals are larger using the grid-¢ bootstrap than the
percentile-t. On the other hand, the left endpoints of the confidence intervals are
larger using the percentile-¢ than the grid-¢ bootstrap. The 90% confidence intervals
for P calculated using grid-¢ bootstrap, contain unity for all the unemployment rate
series and indicate that all series are persistent, the exception being NF when we do
not include a time trend. Nevertheless, the results from using percentile-t method
show that the 90% confidence interval for unemployment rates in NB, Ontario, Que-
bec, and Canada do not contain unity, and therefore, are stationary. However, even if
we accept the results from percentile-t method and conclude that the unemployment
rate series in NB, Ontario, Quebec, and Canada are stationary, we may say that the
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series have a high degree of persistence since the lower bound of the 90% confidence
interval for these series are larger than 0.90.

The other objective of this paper is to assess the stability of the persistency
of unemployment rates, after allowing for breaks in these series. The benefits of
allowing for break in the data are twofold. First, as Perron (1989) stated, if the data
has a shift in the level and we ignore this fact, then we can mistakenly conclude that
the data is persistent. Secondly, by allowing for break we can analyze the stability
of the persistency in the data, i.e., whether or not it is the same for both regimes.
Therefore, we use the approach of Bai and Perron (1998, 2003), which allows testing
multiple breaks at unknown dates. The exact number of breaks can be determined
using four different methods: the modified Schwarz criterion, LWZ (Liu, et. al,,
1997); the Schwarz information criterion, BIC (Yao, 1988); repartitioning procedure
and sequential procedure (Bai and Perron, 1998, 2003).

The results of applying the Bai and Perron (1998, 2003) approach to the unem-
ployment rates, allowing up to 5 breaks, are shown in Table 9-11. Here, we use the
optimal autoregressive orders, previously calculated. In table 9, UDpax , W Dprax,
and sup Frp(.) tests are significant for all series, which indicate that at least one break
is present in theses series. However, notice that the sup Frr(1) is not significant for
the unemployment rate in Quebec, therefore, there is no structural break in the un-
employment rate in Quebec.

In order to determine the exact number of breaks, we use the sequential proce-
dure. According to the results, there are 3 break points in the unemployment rates in
NS and Ontario; only 1 break point in the unemployment rates in Alberta, BC, Man-
itoba, NF, PEI, and Saskatchewan; and no break in Quebec. The number of break
points for Canada and NB is 2. The estimated break dates are very precise and for
most provinces, the first break date is around 1981-1982 and the second break dates
are around 1989-1990. Ontario and NS are the only provinces that have the third
break date and it happens in 2000:4 and 1993:3, respectively. Seven breaks occur
during 1981-1982, the recession period, five breaks are between 1988 and 1990, two
breaks in 1993, and two breaks in 2000, which show some sort of clustering.

Table 10 reports the estimated intercepts, slopes, and the autoregressive coef-
ficients, p;s, for each series. According to this table, p;s are not constant in all the

regimes and the persistence of the unemployment rates is different in the separate
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regimes. Furthermore, among 16 break points that exist in these series, in 11 cases
the new level of unemployment rate is higher than its level before break and only
in 5 cases, the new unemployment rate is lower. In BC, the unemployment rate is
very persistent (P = 1.157)" before the break in 1982:1, however, its persistency
declines after this break point (P = 0.895). The persistency of the unemployment
rates in Alberta, NB, NS, Ontario, and Saskatchewan increases in periods after the
first break date. The estimated p; for Ontario is larger than unity for all regimes,
except the regime 4, which starts from 2000:4. However, none of the regimes are
persistent with Ps equal to 0.511, 0.639, 0.806, and 0.442, respectively, for regime
one to four. For the unemployment rate in Canada, this approach has determined 2
break points and, therefore, 3 regimes. In all these regimes the estimated p, is larger
than the unity but the series is not persistent. Furthermore, except for the p; in the
third regime in NB, which is negative (and insignificant), all the estimated p;s are
positive. Finally, the estimated model with no break for the unemployment rate in
Quebec shows that the « is 0.927, consequently, it is stationary but persistent. Over-
all, the results from applying the approach of Bai and Perron to the unemployment
rate series show that the unemployment rate in BC is persistent in all regimes, and
the unemployment rate in Manitoba and NS are persistent in regime 1 and 2, re-
spectively. Finally, the unemployment rate in Quebec does not have any break and
is persistent.® The unemployment rates in all other provinces and regimes are not
persistent.?!

Overall, the unemployment rates in Quebec and NS are the only series in which
all methods confirm the existence of persistence. According to the results from
Hansen’s (1999) grid-t bootstrap method, all series are persistent. The persistence
of the unemployment rate in BC, in both regimes, and Manitoba in regime 1 is also
confirmed by the results from the approach of Bai and Perron (1998, 2003). On the
other hand, the results from unit root tests and the approach of Bai and Perron (1998,
2003) show that the unemployment rates in the other provinces are not persistent, al-

19 Notice that P is the sum of the autoregressive coefficients in the models.

20 Since the approach of Bai and Perron is not robust against nonstationarity of the series and we
could not reject the null hypothesis of unit root for unemployment rates in NS and Quebec, the results
from the approach of Bai and Perron for these two provinces should be approached cautiously.

21 Since the sum of the autoregressive coefficients are less than one in all regimes.
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though they have at least one break. There is strong evidence against the traditional
theory, which says there is a constant natural rate of unemployment, since all series
have at least one break point or has a unit root. On the other hand, nine out of eleven
unemployment series have, at most, two structural breaks, which indicates that there
have been only a few permanent changes in the unemployment rates in Canada and

the Canadian provinces.

3.4 Conclusion

Data on unemployment rates in Canada and the ten Canadian provinces are used to
check for persistence of the unemployment rates. We test for null hypothesis of unit
root against stationarity, first without allowing for any break. Results indicate that
only four series are stationary and seven series have unit roots. Next, we apply unit
root tests, which allows to have one and two break points in the data and find that all
series are stationary, except for Nova Scotia and Quebec.

Furthermore, we attempt to test for persistence of these series by construct-
ing the confidence interval using different methods and find that the calculated 90%
confidence interval contains unity for all series, except the unemployment rate in
Newfoundland, which does not include unity when we have only an intercept in the
model. Hence, all series are difference stationary except the unemployment rate in
Newfoundland, which is trend stationary.

Next, we proceed by testing for the existence of multiple break points and
investigating the changes in the persistence in different regimes of these series. In all
series, except Quebec, we can reject the null hypothesis of stability and find at least
one break point in the data. The break dates are clustered around 1981-82, 1988-
90, 1993, and 2000. Additionally, most of the regimes have a higher intercept, which
interpret as an increasing unemployment rate. Also, the unemployment rate in British
Columbia is persistent in all regimes and the unemployment rates in Manitoba and
Nova Scotia are persistent in regime 1 and 2, respectively. Finally, the unemployment

rates in all other provinces and regimes are not persistent.
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These results indicate that hysteresis theory only seems relevant in Quebec and

Nova Scotia, since we could not reject the possibility of unit root for the unemploy-

ment rate in these provinces.
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Tables

Table 1:Results from unit root tests without break

ADF ADFGLS
Series No regressors with ¢ withc & t with ¢ withc &t
Alberta -0514 -1.597 -1.741 -1.213 -1.277
BC -0.707 -1.515 -1.849 -1.551 -1.658
Manitoba -0.365 -1.539 -1.912 -1.154 -1217
NB -0.391 -1.836 -2.687 -1.655 d -1.869
NF -0.015 -2.565 d -2.225 -1.091 -1.529
NS -0.221 -1.715 -2.143 -0.949 -0.929
Ontario 0.530 212% 270 | 236° 25
PEIL -0.218 -2.195 -1.968 -1.423 -1.795
Quebec -0.302 -2.067 -2.621 -1.388 -1.603
Saskatchewan -0.105 -1.965 -1.808 -1.013 -1:236
Canada -0.446 2492 -2.743 -1.885 d -2.134

3:0:%1nd @ shows significant at 1%, 2.5%, 5%, and 10%.
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Table 2: Results of Unit Root Tests with 1 Break in Intercept and Time Trend

Series Criteria M SB Pr k T
Alberta BIC 0144 10839% 2 1984:1
MAIC 0181 16835 1 1985:4
BC BIC 0184 17893 1 1985:4
MAIC 0184  17.893 1 1985:4
Manitoba BIC  009° s09® 3 199133
MAIC 0204 2143 1 1992:4
NB BIC 0139 963° 1 1986:2
Maic  0139%  9en® 1 1986:2
NF BIC 0136 9993 3 198122
MAIC 0162 14143 4 1997:2
NS BIC 0199 20543 1 1984:1
MAIC 0199 20543 1 1984:1
Ontario BIC 0156 12446 1 1993:1
MAIC 0156 12446 1 1993:1
PEI Bic  0120°  7563% 1 1993:1
maic  0142% 10301 4 1995:3
Quebec BIC 0191 18334 1 1985:1
MAIC 0191 18334 1 1985:1
Saskatechwan ~ BIC  0.121° 7481 2 1988:1
Malc o163 13se® 1 198622
Canada BIC o144 105%% 2 1982:2
MAIC o155 12624% 1 1980:4
a,b,c,

and d shows significant at 1%, 2.5%, 5%, and 10%.



Table 3: Results of Unit Root Tests, Crash model

Infimum method

Supremum method

Series Criteria. M SB Pr k| MSB Pr k
Alberta BIC 0.233 12.093 2 0.325 40.596 1
MAIC 0.233 12.093 2 0.325 40.596 1
BC BIC 0.231 11.895 1 0.239 25.394 1
MAIC 0.231 11.895 1 0.239 25.394 1.
Manitoba BIC 0.202 9.153 3 0.355 47.266 1
MAIC 0.282 18.198 4 0.327 40.231 6
NB BIC 0.185 7.873 1 0.185 11.98 1
MAIC 0.185 7.873 1 0.185d 11.98 1
NF BIC 0.183 7.813 3 0.216 17.035 4
MAIC 0.205 9.847 4 0.216 17.035 4
NS BIC 0.277 20.144 1 0.288 33.231 1
MAIC 0.277 20.144 1 0.288 33.231 1
Ontario BIC 0.175 5.689 2 0. l75d 6.837d 2
MAIC 0.177 6.166 1 0.225 11.378 1
PEI BIC 0.231 11,725 1 0.247 18.738 1
MAIC 0.265 15.298 1 0.362 40.254 5
Quebec BIC 0.250 14.733 1 0.285 26.389 1
MAIC 0.204 9.985 8 0.285 26.389 1
Saskatechwan BIC 0.278 18.603 1 0.278 37.782 1
MAIC 0.278 18.409 1 0.278 37.782 1
Canada BIC 0.177 6.871 2 0.177 10819 2
MAIC 0.192 8.528 1 0.198 13.488 3
a,b,¢, and d shows significant at 1%, 2.5%, 5%, and 10%.
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Table 4: Results of Unit Root Tests with 2 breaks

Crash model Broken trend and intercept

Statistic  k Tpg1 Thgo Statistic  k Tg1 Tg2
Alberta -6.536C 7 1981:3 1990:3 -6.153 7 1982:1 1991:1
BC 6585 8 1981:3  1987:1 -6.156 6 198133 2001:2
Manitoba -6.069d 3 19814 1990:1 -6.273 3 19814 1990:3
NB -5.939 3 1981:3  1991:2 -6.216 7 1984:2  1991:2
NF —6.133d 7 1982:2 19914 -6.066 8 19842 19914
NS -5.261 1 1981:3  1990:4 -5.699 6 1987:1  1997:2
Ountario -5.645 1 1981:2  1990:2 -6.638d 5 1981:3  1990:2
PEI -4.197 0 1982:1 1990:3 | -7167° 0 19863 19903
Quebec -5.765 7 1981:3  1990:3 -6.433 7 1981:3  1990:2
Saskatechwan -7.213c 2 1982:1 1996:1 -6.998d 2 1982:1 1993:4
Canada 6407 6 19813 19902 | -7.155€ 6 19821 199022
a,b,c, and d shows significant at 1%, 2.5%, 5%, and 10%.
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Table 5: 90% confidence intervals for measures of unemployment rate persistence
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Asymptotic

Stock

Percentile

Percentile-t

Kilian

Grid-Cx

Grid-T

Alberta

BC

Manitoba

NB

NF

NS

Ontario

PEI

Quebec
Saskatchewan

Canada

(0.941, 1.006)
(0.922, 1.004)
(0.904, 0.993)
(0.836, 0.961)
(0.798, 0.944)
(0.897,0.987)
(0.921, 1.003)
(0.872, 0.989)
(0.893, 0.983)
(0.909, 0.996)
(0.928, 1.001)

(0.966, 1.037)
(0.955, 1.037)
(0.916, 1.034)
(0.836, 1.026)
(0.809, 1.023)
(0.894, 1.032)
(0.949, 1.036)
(0.911, 1.034)
(0.883, 1.031)
(0.926, 1.035)
(0.944, 1.036)

(0.820, 0.969)
(0.806, 0.963)
(0.796, 0.955)
(0.741, 0.922)
(0.718, 0.904)
(0.803, 0.955)
(0.801, 0.960)
(0.771, 0.943)
(0.794, 0.951)
(0.797, 0.960)
(0.815, 0.966)

(0.977, 1.033)
(0.964, 1.036)
(0.942, 1.024)
(0.872, 0.997)
(0.833,0.978)
(0.928, 1.016)
(0.963, 1.036)
(0.916, 1.027)
(0.926,1.011)
(0.947, 1.027)
(0.963, 1.029)

(0.844, 1.003)
(0.856, 1.014)
(0.883, 1.028)
(0.850, 1.001)
(0.813, 0.983)
(0.871, 1.021)
(0.871, 1.015)
(0.875, 1.033)
(0.874, 1.026)
(0.869, 1.027)
(0.859, 1.013)

(0.983, 1.039)
(0.965, 1.038)
(0.936, 1.037)
(0.866, 1.028)
(0.840, 1.023)
(0.924, 1.035)
(0.960, 1.037)
(0911, 1.033)
(0.919, 1.034)
(0.943, 1.037)
(0.962, 1.038)

(0.979, 1.034)
(0.965, 1.036)
(0.938, 1.032)
(0.868, 1.026)
(0.840, 1.025)
(0.927, 1.029)
(0.960, 1.035)
(0.911, 1.035)
(0.922, 1.028)
(0.944, 1.033)
(0.963,1.032)

An intercept and a time trend are included in the model.



Table 6: 90% confidence intervals for measures of unemployment rate persistence
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Asymptotic

Stock

Percentile

Percentile-t

Kilian

Grid-O¢

Grid-t

Alberta

BC

Manitoba

NB

NF

NS

Ontario

PEI

Quebec
Saskatchewan

Canada

(0.944, 1.010)
(0.936,1,015)
(0.915,1.003)
{0.883,0.994)
(0.797,0.939)
(0.908, 0.998)
(0.920,1.003)
(0.872,0.982)
(0.912, 1.001)
(0.906, 0.992)
(0.937,1.009)

(0.980, 1.038)
(0.988, 1.039)
(0.950, 1.036)
(0.924, 1.035)
(0.789, 1.002)
(0.935, 1.036)
(0.950, 1.036)
(0.890, 1.032)
(0.942, 1.036)
(0.912, 1.034)
(0.973, 1.038)

(0.863, 0.986)
(0.854,0.985)
(0.847, 0.976)
(0.824,0.962)
(0.742, 0.910)
(0.853, 0.972)
(0.840, 0.976)
(0.816,0.954)
(0.847,0973)
(0.849, 0.969)
(0.855, 0.987)

(0.969, 1.029)
(0.963, 1.036)
(0.939, 1.022)
(0.908, 1.012)
(0.819,0.961)
(0.930, 1.017)
(0.946, 1.023)
(0.895,0.9997)
(0.937, 1.019)
(0.926, 1.008)
(0.963, 1.029)

(0.903, 1.021)
(0.906, 1.025)
{0.908, 1.028)
(0.883, 1.016)
(0.808, 0.963)
(0.899, 1.021)
(0.922, 1.037)
(0.879, 1.006)
(0.910, 1.027)
(0.904, 1.016)
(0.909, 1.027)

(0.962, 1.031)
(0.961, 1.032)
(0.934, 1.028)
(0.905, 1.022)
(0.840, 0.985)
(0.928, 1.026)
(0.940, 1.029)
(0.891, 1.019)
(0.933, 1.027)
(0.921, 1.025)
(0.956, 1.030)

(0.963, 1.031)
(0.961, 1.036)
(0.934, 1.030)
(0.905, 1.029)
(0.840, 0.979)
(0.926, 1.028)
(0.942, 1.029)
(0.891, 1.022)
(0.933, 1.029)
(0.923,1.023)
(0.957,1.031)

Only an intercept is included in the model.



Table 7: Bootstrap confidence intervals of the unemployment rates

Series k P 8 (IS ) Grid-t Bootstrap ~ Percentile Bootstrap
Alberta 2 0966  0.020 (0.961, 1.025) (0.963, 1.022)
BC 2 0955  0.024 (0.945, 1.027) (0.948, 1.022)
Manitoba 1 0949  0.027 (0.938, 1.032) (0.941, 1.024)
NB 1 0898 0.038 (0.868, 1.027) (0.873, 0.993)
NF 4 0887 0.046 (0.850, 1.036) (0.858, 1.006)
NS 1 0942 0.027 (0.925, 1.030) (0.930, 1.015)
Ontario 2 0941 0.021 (0.923, 1.013) (0.926, 0.993)
PEI 1 0.930  0.035 (0.911, 1.035) (0.916, 1.025)
Quebec 2 0928 0.027 (0.906, 1.021) (0.910, 0.999)
Saskatchewan 1 0952  0.026 (0.944, 1.033) (0.946, 1.027)
Canada 2 095 0.018 (0.935, 1.012) (0.937, 0.995)

An intercept and a time trend are included in the model.
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Table 8: Bootstrap confidence intervals of the unemployment rates

Series k P s (15) Grid-t Bootstrap ~ Percentile Bootstrap
Alberta 2 0.969 0.020 (0.951, 1.021) (0.955, 1.015)
BC 2 0.964 0.023 (0.944, 1.024) (0.948, 1.021)
Manitoba 1 0959 0026  (0.936,1.030) (0.941, 1.022)
NB 1 0938 0034  (0.905,1.029) (0.910, 1.016)
NF 4 0885 0044  (0.832,1.017) (0.838, 0.981)
NS 1 0953 0027  (0.925,1.028) (0.930, 1.017)
Ontario 2 0.941 0.021 (0.916, 1.004) (0.919, 0.986)
PEI 1 0927 0033 (0.892, 1.022) (0.896, 1.001)
Quebec 2 0945 0026 (0917, 1.019) (0.920, 1.006)
Saskatchewan 1 0.949 0.026 (0.923, 1.023) (0.926, 1.009)
Canada 2 0.955 0.018 (0.935, 1.008) (0.937, 0.994)

Ouly an intercept is included in the model.
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Table 10: Estimation results from Bai and Perron approach
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Alberta BC Manitoba NB NF NS Ontario PEI Quebec SAS Canada
Wy 1.474 -1.746 0.708 3.888 2.258 5.203 3.280 3.910 13.588 1.598 2,286
(1.143)  (-1.347)  (2.492)  (2.739)  (2.436)  (3.823)  (2.785)  (3.693)  (8.214)  (2.171)  (2.613)
B -0.022 0.049 0.006 -0.030 0.003 -0.028 0.006 0.032 -0.040 0.003 0.001
(-1.235)  (2.383)  (1.642)  (-1.580)  (0.689)  (-1.773)  (0.566)  (3.018)  (-1.909)  (0.312)  (0.167)
P11 0.519 1.671 0.886 0.698 0.697 0.516 1.146 0.597 1.163 0.628 1.342
(1.446)  (8.409)  (18.300) (6.096)  (6.057)  (3.727)  (4.958)  (5.459)  (12.738) (3.612)  (7.621)
P91 0.180 -0.514 0.267 -0.635 -0.238 -0.634
(0.498)  (-1.801) (1.905) (-2.800) (-2.640) (-3.611)
P31 0.192
(1.349)
a1 -0.300
(-2.606)
Mo 2.109 1.547 2.387 3.388 20.744 2.755 5.584 12.176 2.775 6.528
(5.667)  (2.082)  (1.672)  (3.595)  (4.691)  (3.567)  (5.473)  (5.205) (6.098)  (6.858)
By -0.013 -0.008 -0.011 -0.014 -0.076 -0.041 -0.073 -0.063 -0.011 -0.069
(-5.292)  (-1.945)  (-1.217)  (-3.512)  (-4.341)  (-4.673) (-5.182)  (-5.032) (-5.598)  (-6.468)
p1o 1.073 0.958 0.764 0.799 0.312 0.897 1.241 0.528 0.710 1.059
(11.572)  (10.008) (7.747)  (13.528)  (2.136)  (17.063)  (10.638)  (5.749) (14.28)  (8.479)
pon -0.233 -0.063 0.063 -0.602 -0.446
(2.751)  (-0.673) (0.422) (-6.256) (-4.619)
P32 0.197
(1.311)
Pao -0.365
(-2.673)
K3 20.359 -4.723 4.014 2.637
(3.495) (-1.461)  (6.040) (4.620)
/33 -0.092 0.236 -0.030 -0.014
(-2.904) (1.59) (-5.548) (-4.465)
P13 -0.013 0.199 1.030 1.186
(-0.048) (0.391)  (8.510) (10.331)
Poa -0.224 -0.345
(-2.087) (-3.305)
™ 5.002 5.801
(2.796)  (2.446)
B -0.025 -0.018
(-2.405)  (-1.079)
Pla 0.741 0.550
(9.411)  (1.385)
Doy -0.108
(-0.303)
R2 0.965 0.952 0.926 0.891 0.815 0.943 0.967 0.897 0.922 0.937 0.976
F 403.420% 285.613% 243.32%  107.560% 42.728%  161.275% 213.197% 170.776% 458.4422% 289.125% 390.785%

2,5,¢2nd @ shows significant at 1%, 2.5%, 5%, and 10%.
t-statistics are shown in paranthesis.
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Figure 1: Unemployment rates of Canada and the Canadian provinces.
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Figure 2: Unemployment rates of the Canadian provinces.
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