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Abstract
ESSAYS ON THE IMPACTS OF THE GREAT MODERATION ON
BUSINESS CYCLE MODELING

by
Andre R. Neveu

Adviser: Professor Merih Uctum

The research presented here is a comprehensive analysis of research on the “Great
Moderation” and its impact on business cycle modeling. In the presence of a less
volatile aggregate economy, the methods of modeling business cycles have fundamen-
tally changed along with the ability to detect turning points in the business cycle
using standard algorithms. Chapter One lays out the historical case for modeling the
business cycle in a manner placing importance on the ability of a model to replicate
features observed in actual GDP data, such as the depth and length of recessions,
or the average height of expansions. Chapter Two compares different business cycle
models by their ability and accuracy in reproducing features of observed GDP data
in simulated Monte Carlo paths. Comparisons are made by examining how volatil-
ity moderation affects business cycle modeling for the U.S., U.K., and Australia.
Univariate ARIMA, structural change, and Markov-switching (“MS”) models are es-
timated and used to simulate time paths using Monte Carlo methods. These results
generally support previous findings that MS models are superior to linear models
and comparable to structural change models at fitting business cycle characteristics.
Tests show that to replicate business cycle characteristics, MS models must account

for independent shifts in mean and volatility parameters. Substantial new evidence



shows that commonly specified MS models with a simple linear structure, constant
variance, or state-dependent volatility are sub-optimal and should be avoided in prac-
tice. Results indicate that models attempting to replicate business cycle features in
any series should consider the importance of how volatility is modeled prior to es-
timation. Evidence is also presented showing that the Great Moderation may have
recently ended. Chapter Three examines algorithm robustness used to conclude that
independent switching models are better able to replicate business cycle features.
Robustness is tested by varying the parameters of dating algorithms used to detect
turning points. Evidence shows that the “window” and “censor” used for turning
point selection criteria does not lead to substantial changes in the conclusions of our
previous findings implying that our results are not artifacts of the algorithm, but due

to the actual economic model itself.
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Chapter 1

A Review of Business Cycle
Modeling and the Great

Moderation

1.1 Introduction

Macroeconomic business cycle models are often used to make statements about cur-
rent and future cyclical conditions of an economy. Predictions about the economy
are often made using models in the context of a set of stylized facts that have been
compiled using historical data. Typically, these predictions are made either knowing
or ignoring the fact that the predictive model might not be able to simulate data that
statistically resembles the cyclical features of interest. Furthermore, the multitude
of models that a researcher can choose from could lead to confusing or conflicting

conclusions about how long or deep a cycle might last.



Adelman and Adelman (1959) were among the first to attempt to test the dynam-
ics of a macroeconomic model for the ability to reproduce stylized facts of aggregate
data. Following in the spirit of Frisch (1933), Adelman and Adelman tested a large
Klein-Goldberger model for dynamic behavior by using random perturbations to see
if simulated time paths exhibited similar business cycle fluctuations relative to those
seen in aggregate data. Since 1959, many other researchers have subsequently tested
macroeconomic models for their ability to replicate business cycle features using per-
turbations and Monte Carlo methods in what is often referred to as the “Test of the
Adelmans.”

The research presented here employs testing methods developed in the spirit of the
Adelmans to examine some commonly used business cycle models in an effort to help
improve the model selection process. In particular, this research expands the model
selection process to incorporate the fact that the mid-1980’s to 2008 experienced
much lower volatility in many aggregate variables relative to the post-war period.
Examining the U.S., U.K., and Australia it is concluded that the less volatile period,
known as the “Great Moderation” must be properly accounted for in a business cycle
model in order to reproduce the stylized facts of the observed business cycle. The
stylized facts that are measured and compared here include features such as the length
or depth of recessions, and the height and accumulated output from expansions.
If models are unable to match these features, it is likely that the predictions are
inaccurate or misleading.

Chapter Two shows that commonly used business cycle models, including linear,
structural change in volatility (“structural change” hereafter), and Markov-switching
(“MS” hereafter) approaches should examine data created through simulation to com-

pare the features of the simulation to those seen in the underlying series. Standard sta-



tistical tests do not apply to the various MS model specifications used here. Therefore
standard tests for parametric fit and model specification are unable to select models
that are able to match cyclical features with confidence. Even though MS models are
intended to help select turning points parametrically, many of the models frequently
used in the literature are unable to simulate data that resembles features seen in
actual Gross Domestic Product (“GDP” hereafter) data. The preferred specification
for the three countries studied here shows new evidence that the Great Moderation
may be ending. Chapter Three presents evidence that this model selection process is
robust to the parameters of the algorithms used to measure business cycle features in
the original and simulated data. As long as a consistent algorithm is used to measure
actual and simulated data the same models tend to be selected. Our preference for
model selection here is based on the ability of a model to replicate actual business

cycle features in simulated data.

1.2 A History of Business Cycle Dating

The field of business cycle modeling can be traced back to the work of Burns and
Mitchell (1946) who were originally seeking to identify turning points in a variety of
macroeconomic time series to make statements about the general cyclical behavior
of the overall economy. By locating the turning points in several different aggregate
variables, Burns and Mitchell measured the specific cycles, or cyclical behavior and
features of these series. Authors such as Burns and Mitchell were also interested in
understanding the relation between turning points in specific cycles relative to the
chronology of turning points in general aggregate business activity. The reference

cycle as used here is defined as the behavior and chronology of turning points in



general aggregate activity. The definition of the reference cycle used here differs from
the definition used by Burns and Mitchell (1946) which referred to the characteristics
of a specific activity relative to the turning points in reference activity. We depart
from this naming convention here as we are trying to estimate the cycle in the reference
activity itself.

By combining the information on specific cycles in several series Burns and Mitchell
gained a better understanding of the relationship between sectors of the economy and
the reference dates of the reference cycle, which represented the peaks and troughs
of the aggregate economy. This effort can be seen as an early attempt at identifying
leading and lagging indicators of the cyclical status of the aggregate economy. It is
important to note that there is only one set of reference dates for the economy signal-
ing the beginning and ending dates of recessionary and expansionary periods. While
individual series will show specific cycles, the aggregation of information gleaned from
specific cycles leads to statements about the reference cycle.

The traditional method for dating the classical cycle using aggregate data can be
traced back to Burns and Mitchell (1946). Bry and Boschan (1971) later examined
specific cycle traits relative to the reference dates that were determined by the the
National Bureau of Economic Research. Harding and Pagan (2002) adapted the
methods of Bry and Boschan to help identify turning points in the reference cycle
itself using only quarterly GDP data. Subsequently, many others have incorporated
the methods of Harding and Pagan to study classical business cycle models. The
classical cycle refers only to the cyclical nature of output and not modern or growth

cycles which measure trends in growth.



1.2.1 The NBER-BCDC

Contrary to the beliefs of many, a recession is not defined as a period where GDP
contracts for two consecutive quarters. In the U.S. the National Bureau of Economic
Research (“NBER”) Business Cycle Dating Committee (“BCDC”) is the official de-
terminant of business cycle turning points. The NBER-BCDC (“NBER” hereafter)
defines a recession as “a significant decline in economic activity spread across the
economy, lasting more than a few months, normally visible in real GDP, real income,
employment, industrial production, and wholesale-retail sales (National Bureau of
Economic Research, 2003).” The NBER uses several specific macroeconomic series to
identify a turning point in economic activity, acknowledging that they are attempting
to determine only a single turning point in the business or reference cycle.

The NBER uses publicly available monthly data on personal income, employ-
ment, industrial production, and final sales in manufacturing and retail, to help them
determine the peak and trough dates in the overall economy (National Bureau of Eco-
nomic Research, 2003). Estimates for monthly GDP are acquired from the private
firm, Macroeconomic Advisers, and incorporated into NBER statements. One of the
primary reasons that the NBER uses multiple series to identify turning points in the
aggregate economy is due to the fact that official GDP data is only available on a
quarterly basis. While the NBER officially determines recession start and end dates,
there is no universally transparent method that can be applied by outside observers
which is able to perfectly mimic the NBER’s choices.

As seen in Table 1.1, the NBER releases summarized stylized facts about business
cycle durations on a monthly basis. The quarterly adjustments in Table 1.1 are
calculated by dividing the monthly durations by three. Official NBER quarterly

peaks and troughs are determined independently of the monthly turning points which



is why in some cases in the past the two have not appeared consistent. In the post-war
period, the typical recession in the U.S. has lasted approximately 3.3 quarters. The
average expansion has lasted 19 quarters, or 4.75 years.

While the statistics in Table 1.1 are very useful at trying to improve upon macroe-
conomic models of U.S. business cycles, there is little guidance about how to transfer
the NBER methods to other countries. With the inability to fully replicate the
NBER methods over even a short period, researchers have turned to computational
algorithms to help detect turning points in GDP or any series. Today, business cycle
research often attempts to mimic the turning point decisions of the NBER. It was
the NBER who recently declared a peak, or turning point, in the U.S. business cycle
in December 2007. Harding and Pagan (2002) among others only use quarterly GDP
information to determine reference dates, and features of the aggregate business cycle
finding that the reference dates generally agree with those of the NBER.

The Centre for Economic Policy Research Business Cycle Dating Committee
(“CEPR-BCDC”) is a European economic research organization similar to the NBER,
but their dating methods are not identical (Centre for Economic Policy Research,
2009). The CEPR-BCDC reports their turning points based on quarterly data, and
uses real GDP aggregated over the Euro area as the “main measure of economic ac-
tivity (Centre for Economic Policy Research, 2009).” Neither the NBER, or CEPR-~
BCDC make predictions about turning points, but rather serve to establish a chronol-
ogy of facts. The business cycle research of Burns and Mitchell (1946) and Bry and
Boschan (1971) was not primarily intended to be used for analyzing current economic
conditions. However, much effort has been expended to incorporate the historical
record of business cycle analysis into contemporary models of the economy. Other

countries, such as the U.K. or Australia do not have official business cycle dating



bodies, but many studies exist providing estimates for the turning points for these

countries.

1.2.2 Filtering Data and the Classical Cycle

An important distinction between the work done here and much other business cycle
dating research is that the data is never detrended using a filter. All data is de-
trended using the first difference of the log-level of GDP to make the data stationary.
As noted by Harding and Pagan (2002), Burns and Mitchell did not prefer to deal
with detrended data when trying to identify turning points in the classical cycle.
Commonly, researchers have used filters such as the Hodrick-Prescott, Baxter-King,
or band-pass to separate the growth cycle from the business cycle. However, this
practice has proved troublesome in the past, as research by Canova (1994), Canova
(1998), and Cogley and Nason (1995) debate the merits of applying filters to extract
only the cyclical data from a time series. In the case of the Hodrick-Prescott and
band-pass filters, filtered data can exhibit cyclical behavior when no cycles exist in
the data. Harding and Pagan (2002), “...illustrate that trend and cycle are inex-
tricably entwined, it would be better if we described such filters as removing the
permanent component, as it is certainly untrue that their residual is the business

” What is clear from the literature on whether or not one should filter data,

cycle.
is that the cyclical characteristics that remain after detrending are specific to the
particular type of filter that is used.

In Burns and Mitchell (1946) the relationship between secular and cyclical be-
havior of a series is discussed in detail, concluding that, “...[iJt is fairly common for

statisticians to assume that the elimination of the secular trend from a time series

indicates what the course of the series would have been in the absence of secular



movements, and that the graduation of a time series, whether in original or trend-
adjusted form, indicates what the course of the series would have been in the absence
of random movements. There is no warrant for such simple interpretations (Burns
and Mitchell, 1946, p. 38).” Burns and Mitchell also note, “It may be legitimate for
students concerned with secular trends to put cyclical fluctuations out of sight, but
students of cyclical behavior cannot take similar liberty with secular trends.”
Recent research by Murray (2003) reinforces the point made by Harding and Pagan
(2002) and Burns and Mitchell with more up-to-date filtering methods, showing that
neither band pass filtering nor the Baxter-King filter isolate cyclical features, but
“...the properties of the filtered series will depend on the trend in the unfiltered
series.” As noted by Burns and Mitchell, filtering data is useful for studying secular

trends, but has limited application in the study of classical cycles.

1.2.3 Using Quarterly GDP Data

In this research, GDP data for the U.S., U.K., and Australia are used to try and time
cyclical turning points and model the aggregate economy. The data for the estima-
tions and simulations are Gross Domestic Product in chained currency for the U.S.
(1947Q1-2008Q4 (unrevised 2008Q4 estimate)), U.K. (1955Q1-2008Q4), and Aus-
tralia (1959Q3-2008Q3). While there are similar measures of employment, produc-
tion, and income for each of these countries, the main goal is to try and detect cyclical
turning points and model any economy with data that are easily available. As has
been pointed out by many researchers, we are trying to characterize and model the
business cycle and not turning points in any individual time series. Using only aggre-
gate GDP data to model output and detect turning points is the simplest approach,

and the one that is followed here. The primary reason for using only GDP data is



that this information is available for most countries on a quarterly basis, and therefore
these methods can be applied broadly to characterize economic activity.

The use of quarterly data here also allows us to examine the usefulness of the
Bry and Boschan quarterly algorithm developed by Harding and Pagan (2002) to
describe cyclical features of different economies. Given that the algorithms developed
by Harding and Pagan have proven to give reasonable estimates of turning points in
the past provides us a straightforward method of measuring cyclical features that our

models should be capable of matching in simulation.

1.2.4 The BBQ Dating Algorithm: Non-Parametric Turning

Point Detection

Several studies have expanded upon the techniques of Burns and Mitchell (1946)
developing methods that can be applied to any aggregate time-series data for the
purpose of finding turning points. One of the primary uses of turning point detection
methods is to help specify a model of aggregate activity that most accurately mimics
the stylized facts observed in actual data. By using a consistent method to compare
the features of simulated data from a number of models to underlying series, the
work of Hess and Iwata (1997) and Harding and Pagan (2002) was able to eliminate
a number of proposed models of the business cycle.

The work of Harding and Pagan (2002) adapted earlier work by Bry and Boschan
(1971) to work with quarterly and unfiltered data (“the BBQ algorithm”). The ini-
tial algorithms written by Bry and Boschan were intended to detect turning points
in monthly data series. However, the adaptation of this algorithm to quarterly data

has proven to be a very good approximation to the NBER turning point dates in a
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quarterly sense. Additionally, Harding and Pagan do not filter the data used in their
research for the reason that the trend and cyclical components cannot be indepen-
dently determined or clearly separated.

Classical cycles are defined as those irregular periodic shifts between expansion
and contraction in a time series. The classical cycle studied here is identified using
the non-parametric BBQ method of determining the stylized facts or reference cycle
displayed by an economy. Harding and Pagan (2002) show that the classical business
cycle is a valid way to measure whether or not an economic model properly fits the
data in question. Harding and Pagan (2002) use Monte Carlo methods to simulate
time paths for several different business cycle models. Harding and Pagan find that
many models designed to explain certain features of the business cycle actually are
unable to recreate most features seen in the underlying data.

Econometric models are typically selected based on parametric measures of fit
and tests for model specification using standardized tests minimizing residuals or
forecasting error. Standard econometric measures of fit have no built-in method to
examine the paths or features created by a particular model. However, in business
cycle research if one ignores the fundamental features of the underlying series with
regard to the length, depth, and shape of recessions or expansions a model may still be
found to fit the data well statistically. In fact, the model may not be able to simulate
time series that remotely resemble the actual cyclical features of the underlying data.

Using the methods of Harding and Pagan (2002) the reference cycles for the three
countries are assembled using the “standard BBQ algorithm.” The economic time
series are assumed to exhibit phases that last at least k quarters, and full cycles that
last at least m quarters. In what we term here as the “standard algorithm” the values

of k and m are set such that k = 2 for both recessions and expansions and m = 5.
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The requirement that m = 5 serves as a censor limiting detected peaks and troughs
to be a certain minimum distance apart. The values of minimum phase length and
full cycle requirements are intended to match the description of a recession by Burns
and Mitchell (1946) that recessions should last six months at full cycles should last at
least 15 months. Also, the turning points are censored such that peaks and troughs
must alternate so that continuous cycles can be measured. Lastly, rather than use the
typical rule of thumb “two consecutive quarters of negative growth signals a recession”
a peak is found when Aoy, > 0, Ay, > 0, Ayq < 0, Agypio < 0. In this specification
the number of periods looking forwards and back is defined as the “window width”
of k = 2. A trough is found when Ayy; < 0, Ay < 0, Ay > 0, Asyrio > 0 where
the value for Aoy o = Yy — ys_o.

While the standard BB(Q algorithm is useful at timing business cycles as it is
currently specified, it would not capture a turning point where there is a single quarter
of negative growth at ¢ 4 1 if the economy returns to a higher level of output in ¢ 4 2
relative to time ¢. A series would need to experience two consecutive quarters of
negative growth or not return to a higher level of output at time t + 2 relative to
output at time ¢ in order to be characterized as a recession. This definition of a
turning point assumes that the two quarters prior to the peak had levels of output
lower than at the peak. In Chapter Three, the restrictions on the phase length k£ and
the complete cycle length censor m are relaxed in the algorithm, and each simulation
is retested to see if model performance is an artifact of the algorithm used to define
cycles.

Growth that is below trend would not appear as a recession in output, and would
fall under the umbrella of growth cycles. Our characterization of turning points in

output is dubbed the classical cycle versus the growth cycle since it detects peaks and
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troughs in the level of output and not growth. As was previously mentioned, censoring
mechanisms are employed in the algorithms in order to assure that complete cycles are
being measured. The complete censoring mechanism used here and by Harding and

Pagan (2002) is described by Cashin and Ouliaris (2004) and employed as follows. . .
1. Enforce alternating peaks and troughs.

2. Enforce peak-to-peak and trough-to-trough restriction on complete cycle length

(i.e., m = b).
3. Eliminate dates at the beginning and final two quarters of the series.
4. Eliminate phases with a duration shorter than the restriction (i.e., k = 2).
5. Again ensure that peaks and troughs alternate.

After peaks and troughs have been determined, the length of contractions (P—T
“Peak to Trough”) and the length of expansions (T—P “Trough to Peak”) can be
calculated. The amplitude between a peak and trough is calculated as the simple
difference between the two levels of output in terms of 100 times the log difference.
Cumulated amounts of output are calculated over the entire length of a recession or
expansion as a percent change from the previous peak or trough. For example, if an
economy has 5% growth during period t+ 1 and 0% growth in ¢+ 2 the flow of output
at time ¢ + 2 is still 5% higher relative to time t yeilding cumulative gaines of 10%
relative to time ¢. Lastly, percentage excess is calculated by measuring the difference
between the triangle approximation of cumulated output and the actual path of the
economy. A negative (positive) excess in a contraction implies that the actual data
series decreased faster (slower) when compared to a straight line as displayed in Figure

1.1. Tt is possible that an excess measure of zero occurs if for example the economy
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grows very quickly from the trough of a recession, and then experiences slower than
trend growth for a time, before experiencing much faster growth. While the excess
measure is imperfect it does yield some insight on the asymmetry experienced in a
business cycle.

Due to the fact that the BBQ algorithm is not perfect at matching NBER turning
point dates, several authors have tried to fix this issue by calibrating the algorithm to
be more exact. The BBQ algorithm is modified by Morley and Piger (2005) (“M&P”
hereafter) who replace the zeros with an optimized value a # 0 in order to remove
the BBQ bias to the NBER turning point dates. However, it is unclear what bias
you would be removing or how to calibrate the algorithm when no NBER dates exist
where one extends the use of the modified algorithm for the cases of the U.K. and
Australia GDP or any other series.

The modification to the BBQ method proposed by M&P improves the timing
of turning point selection by pinpointing 14 of 19 NBER announced turning points
versus 9 of 19 that are pinpointed using the standard BBQ algorithm. The turning
points selected by the standard BBQ process are mostly only one quarter off from the
NBER announced dates. Research by Camacho and Perez-Quiros (2007) showed that
missing the NBER turning points by a single period might be problematic if one is
trying to study the different behavior of an economy in a recession or expansion. The
importance of removing the bias in the standard BBQ algorithm is uncertain, and
comes at the cost of having to estimate parameters of an optimal algorithm based on
an individual series. Further study of this possibly important modification is beyond
the scope of this paper.

The primary use of the standard BBQ routine is for defining a chronology of

events rather than assigning a conditional probability to being in a recession at a
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given moment in time. In comparison, even the methods of Chauvet and Hamilton
(2005), and Chauvet and Piger (2003) which use real-time rather than revised data,
can only assign probabilities to business cycle turning points several months after the
fact.

Many models have been developed over the past twenty years that have attempted
to recreate, simplify, clarify, or replace the NBER dating methods. Using both uni-
variate and multivariate frameworks with both linear and non-linear structures. Turn-
ing point dating methods used by McConnell and Perez-Quiros (2000) which built
upon Hamilton (1989) provide a very close approximation to the NBER dates, but
use quarterly data to recreate the turning points so are unable to pinpoint the NBER
turning points which are officially declared in months. Recent work by Leamer (2008)
offers potential improvement for multivariate dating algorithms, as he uses monthly
data on unemployment, employment, and production to define a recession-dating al-
gorithm. Leamer finds that his algorithm nearly completely approximates the NBER
turning points, missing only a single date. However, Leamer states in May 2008 that
things would have to get much worse before declaring a recession. Unfortunately,
Leamer’s algorithm mis-times the December 2007 recession displaying the difficulty
of forming an algorithm that can perfectly mimic the NBER’s methods, which the
NBER even admit are not fixed rules (National Bureau of Economic Research, 2001).

The advantage of the non-parametric BBQ method presented here is that we
can easily determine if and when we have experienced a turning point in hindsight
using a simple algorithm. While the true method of business cycle dating obviously
involves an amount of judgment on the behalf of the NBER-BCDC, it seems clear in
the literature that non-parametric methods of business cycle dating have significant

value if they are applied universally. Methods of determining the best macroeconomic



15

models have been put through a battery of tests attempting to help with the model
selection process. The actual economy, and the reference cycles that are displayed,
should be sufficiently mimicked in data simulated from a model whose intent is to
understand cycles. One of the goals of this research is to merge the use of non-
parametric dating methods with the parametric dating and modeling methods that
should agree on many levels. Until the NBER turning point dating method changes
to a fixed algorithm, it might be impossible to match their logic for choosing certain

turning points.

1.2.5 Business Cycle Characteristics

Fitting the features of the classical business cycle is a challenge for any model, linear
and non-linear alike. The results of this paper show that the classical business cycle
is almost undetectable in the U.S., U.K., and Australia during the Great Moderation
using the standard BBQ algorithms. In order to properly compare the macroeconomic
models suggested by various authors, a suitable set of stylized facts regarding the
actual economy must first be explored. After the stylized facts are presented, the
estimation models are presented, and then simulated to test their performance at
simulating the stylized facts.

Table 1.2 displays the result of using the standard BBQ algorithm (k =2, m = 5)
to detect turning points and cyclical characteristics for the U.S., U.K., and Australia.
In the U.S., the BBQ algorithm with a phase length of two quarters and a total cycle
length of five quarters, ten peaks are detected. The number of peaks differs from the
NBER’s eleven peaks, as the 2001 recession is missed by the BBQ algorithm. Accord-
ing to the algorithm, a typical U.S. recession is 2.9 quarters long, while the typical

expansion is 21.7 quarters. Compared to the NBER’s 3.3 quarter long recessions
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and 19 quarter expansions, the algorithm appears very close on most levels. As the
2001 recession is not included in the BBQ summary, some of the difference between
these numbers can be easily explained. Figure 1.2 shows the different periods where
recessions are detected by both the NBER and BBQ algorithms. In Figure 1.2 it is
sometimes difficult to discern between BBQ recessions and NBER recessions because
they are often concurrent.

Figure 1.3 examines the 2001 recessionary period in closer detail to show why
the algorithm fails to detect this mild recession by most standards. The 2001Q2
period would have been declared a business cycle peak, and 2001Q4 a trough, had
the 2001Q4 GDP measure not exceeded the GDP measure in 2001Q2. As this point
is not declared a peak according to the algorithm, the ensuing recessionary period
and recovery is included in the same expansion that occurred prior to 2001. This very
long recovery serves as the main source of increasing the average expansion length
reported by the BB(Q) algorithm above the official NBER measure. Only once the
2008Q2 recession is detected in U.S. GDP data can the complete cycle be measured.
Future revisions to output data may change the date of the most recent turning point
declared by the algorithm.

Figure 1.4 shows that the BBQ algorithm will occasionally miss an official NBER
turning point by a period or two. In the case of the 2008Q2 recession, the algorithm
does not detect a peak in business cycle activity until two quarters after the NBER
officially declared the 2007Q4 peak which signaled the beginning of the most recent
recession. The error is made here because of a situation similar to what is seen in
Figure 1.3 as GDP rose to a higher level in 2008Q1 and 2008Q2 relative to 2007Q4
even though the economy continued to be in distress. Outside of the peak which was

completely missed, six of ten NBER peak turning points examined here were identified
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correctly. The peak in 1957Q3 was one found one quarter after the NBER date, and
the peaks in 1960Q1 and 1969Q3 were located one quarter before the NBER date.
Regardless of the inability to synchronize the turning point dates of the standard
BBQ algorithm with the NBER turning point dates, there is little universal guidance

for countries other than the United States.

1.2.6 Parametric Business Cycle Dating

An alternative to using a non-parametric algorithm to date business cycles is to use a
parametric model that can estimate probabilities of being in a recessionary state dur-
ing a given period. Hamilton (2003) criticized the work of Harding and Pagan (2003b)
for using business cycle dating algorithms that mimic the NBER dating committee
decisions to influence their model selection process. Instead of using an algorithm to
detect turning points, Hamilton suggests using a Markov-switching model which is
able to use observed data to create predicted states of the economy. Chauvet and
Piger (2003) and Chauvet and Hamilton (2005) specifically show that MS models can
accurately predict NBER business cycle turning points for U.S. data. However, this
line of research depends critically on the ability to match the NBER turning point
dates to determine the specification of the model. While it seems that it would be
ideal to use some parametric model to estimate the probability of a recession, the
choice of the model is also constrained to the current set of knowledge regarding
the system. McConnell and Perez-Quiros (2000) show the basic Hamilton Markov-
switching model in mean does not detect mild recessions like those since the Great
Moderation unless the model is modified to switch in variance as well.

The Markov-switching approach assigns probabilities to the state of the system

(i.e., recession/expansion) and has the advantage of being parametrically determined
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from the data even though the state is not directly observed as shown by Hamilton
(2005) and Kim, Morley, and Piger (2005). However, MS models are vague on de-
termining the actual timing of a turning point with the general rule being that the
economy is in a recession when the probability of being in a recession is greater than
0.5. In many of the estimations performed here and elsewhere, the estimated rate of
growth during a recession is positive. Another drawback of the MS framework is the
model selection process which often simply refers to a linear model to determine lag
length, dummy variable presence, or volatility switching.

Hamilton (1989) was the first to use the Markov-switching approach to determine
business cycle turning points. The original MS model estimated by Hamilton was
designed to estimate when the economy was in a high-mean growth state (expan-
sion) and a low-mean growth state (contraction) using a non-linear filter. The MS
approach to modeling business cycle turning points has since been expanded upon a
great deal, including variance switching and VAR versions. Krolzig and Toro (2005)
specifically use a VAR approach to study European business cycle features similar to
those examined here. McConnell and Perez-Quiros (2000) expanded the MS model
with a variance term that was able to switch independently of the mean growth rate.
McConnell and Perez-Quiros (2000) showed that the MS model could predict busi-
ness cycle turning points even in a period of low-volatility. As in previous studies
a recessionary state is predicted from MS models when the probability of being in
a recessionary state is greater than 50%. This implies that predicted “recessionary”
states are only statistically likely and not certainties.

As is shown in Chapters Two and Three, the MS approach can often give very
good predictions of turning points using various specifications, and yet give very poor

predictions with other specifications that are statistically preferred to those with
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simulations that more closely resemble the data. In our paper, we merge these two
lines of research together to help select a Markov-switching model that is able to

match the business cycle statistics gathered using non-parametric methods.*

1.3 The Great Moderation and Modeling Cycles

The Great Moderation was first identified by Kim and Nelson (1999) and McConnell
and Perez-Quiros (2000) as the simultaneous reduction in volatility of aggregate out-
put and other macroeconomic variables in the mid 1980’s. The Great Moderation
has been studied in depth with most research debating whether or not the cause
was good policy, good luck, a widespread technology change, or something entirely
different. While the ultimate cause of the downward change in volatility has not yet
been decisively found, there is little debate that some sort of moderation did actually
occur. Whether or not a return to higher volatility can be prevented, or if this is even
desired remains to be seen. Significant new evidence is presented in Chapter Two
that shows that the Great Moderation may in fact be ending. The possibility that
the Great Moderation is ending should help in identifying the possible causes for the
reduction in volatility in the first place.

McConnell and Perez-Quiros (2000) and Kim and Nelson (1999) provide evidence
that a Great Moderation of output volatility occurred in the United States around
1984 as is visible in Figure 1.5. McConnell and Perez-Quiros (2000) (“MPQ” here-
after) tested a simple linear model of GDP growth for a break in volatility and showed

substantial evidence of a structural change. The Great Moderation occurred in many

'The merits of parametric versus non-parametric dating methods are discussed in papers by
Harding and Pagan (2002); Hamilton (1989); Harding and Pagan (2003a); Hamilton (2003); Harding
and Pagan (2003b); Chauvet and Hamilton (2005); Hess and Iwata (1997); Leamer (2008).
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countries across the world at approximately the same time. As is visible in Figure
1.6 and 1.7, the Great Moderation occurred in the U.K. and Australia sometime in
the early 1990s and mid-1980s respectively.

Our research examines the impact of the Great Moderation in the context of the
measurement of classical cycles of output for the U.S., U.K, and Australia. The
existence of the Great Moderation’s reduced volatility has had a significant impact
on the ability of traditionally measured classical cycle dating methods to detect peaks
and troughs in the business (or reference) cycle. The issues laid forth in Section 1.2.5
show that during the Great Moderation the standard BBQ algorithm has performed
poorly in detecting turning points as seen in Figures 1.4 and 1.3. Ultimately, it is
found that linear models that account for the Great Moderation create significantly
different cyclical features than those models that do not account for a downward
break in output volatility. Additionally, statistical tests are used to determine the fit
of simulated data from a variety of models when compared to the baseline cyclical
features. Similar tests of simulated Monte Carlo data has been performed by Cogley
and Nason (1995), Simkins (1994), and Hess and Iwata (1997) to help determine
if a model fails at fitting the reference cycle’s stylized facts presented by a dating

algorithm.

1.3.1 Combining Parametric and Non-Parametric Methods

The model selection process for business cycles, has traditionally followed at least two
distinct paths. The parametric path of model selection that many researchers have
followed selects a model based on how well the parameters of a model fit the data.
When using the traditional parametric fit measures to select a model, a researcher

might test various specifications based on in-sample fit statistics to choose which
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parameters most closely fit the data. Tests such as a Likelihood Ratio test can help
determine which model would be more likely to represent an underlying data series
in a statistical sense. Parametric selection for a business cycle model might also use
the fit of an out-of-sample forecast with the purpose of selecting a model that can
provide the best forecasts of the future state of the economy.

The methods of mechanically defining turning points in economic time series began
with Burns and Mitchell (1946) and was later adapted by Bry and Boschan (1971)
who first dated turning points using a computer algorithm. Later work by King and
Plosser (1994) examined Real Business Cycle (“RBC”) models within the context
of the test of the Adelmans using the turning point algorithms developed by Bry
and Boschan (1971). King and Plosser (1994) concluded that since the RBC models
they tested and the Keynesian model tested by Adelman and Adelman (1959) led to
similar conclusions that the dating algorithms of Burns and Mitchell (1946) might be
an artifact of their dating algorithm.

Rather than simply looking at parametric statistics regarding fit and forecasting
ability, recent articles by Harding and Pagan (2002) Harding and Pagan (2003a) and
Hess and Iwata (1997) have shown a revived interest in measuring the quality of
business cycle models by using Monte Carlo methods to measure which specifications
fit the data better with regard to the features of business cycles. As shown by Harding
and Pagan (2002) and Hess and Iwata (1997) it is possible to test linear versus non-
linear modeling methods in their ability to simulate data that resembles what is
observed by combining parametric and non-parametric methods of model selection.

Rather than rely on selecting a specification based solely on parametric measures
of fit or minimum forecasting error Harding and Pagan (2002) show that the classical

business cycle is a valid way to measure whether or not an economic model properly



22

fits the data in question. Non-parametric measures show that if one ignores the
fundamental features of the underlying series with regard to the length, depth, and
shape of recessions (expansions) a model is in danger of being assumed to fit the data
rather well when it may in fact not be able to reproduce time series that remotely
resemble the actual levels or features of output.

The issue at hand here is whether or not the classical cycle dating methods em-
ployed by Harding and Pagan (2002) or Hess and Iwata (1997) are useful in the
context of the Great Moderation. McConnell and Perez-Quiros (2000) use a rela-
tively simple macroeconomic model for output (ARIMA(1,1,0)) to show that a break
in volatility occurred around the beginning of 1984. With the justification of a vari-
ance break, the authors adapted a Hamilton (1989) Markov-switching model in mean
only to account for the downward break in volatility. More recently, there has been
widespread study of the Great Moderation using VAR models with Markov-switching
mean and volatility with very mixed results.

The results of Chapter Two and Three show much promise for the MS approach to
modeling business cycles, as these models are able to mimic observed cyclical statistics
in simulation. These results hold true even when the parameters of the algorithm are
allowed to change to reflect the shorter and smaller recessions experienced during the
period of the Great Moderation. These findings also show that we should compare
richer linear and non-linear models to a linear model which accounts for a structural

change in volatility like that put forth by McConnell and Perez-Quiros (2000).

1.3.2 Testing Simulations Against Stylized Facts

In order to test model specifications against one another, two-phase process is em-

ployed here. In the first phase we estimate the parameters for each model and collect
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measures of statistical fit for each specification. The followers of the parametric fit ap-
proach tend to stop here, and select the model that has the highest, most statistically
significant measure of fit. Other researchers take the two-phase approach and use the
estimated parameters to create Monte Carlo paths. Typically researchers make the
assumptions of no parameter instability and normally distributed error terms. These
assumptions which are used in this paper, serve to simplify the Monte Carlo process,
but could be relaxed if desired. In future work it would be useful to test the impor-
tance of relaxing these assumptions on the model selection process by either using
jackknife or bootstrap techniques to create parameter instability and non-normally
distributed residuals for re-sampling.

Cogley and Nason (1995) examined Real Business Cycle (“RBC”) models in a
similar manner to King and Plosser (1994), but instead tested many models for their
ability to create simulations with autocorrelations and impulse response functions
similar to those seen in the data. Cogley and Nason (1995) added statistical testing
of the autocorrelation and impulse response functions by applying generalized Q-
tests to the simulated data. Simkins (1994) tested RBC models using statistical
methods similar to Cogley and Nason to measure the similarity of simulated data
to the classical business cycle patterns first studied by Burns and Mitchell. While
both King and Plosser (1994) and Simkins (1994) findings offered mixed support for
RBC models, Cogley and Nason (1995) were able to show that RBC models lacked an
internal propagation mechanism. The lack of internal propagation meant that RBC
models relied on shocks to replicate cycles, leading to one of the harshest criticisms
of the theory. Other work by Neftci (1993) measured the fit of simulated models
with a “shape” to determine if the simulations were sufficiently close to the same

specific cycle. Neftci (1993) examines data similar to that studied by Burns and
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Mitchell (1946) finding that simple random walk models are more likely to simulate
the shapes present in the actual economy relative to a richer ARMA specification.
Morley and Piger (2005) and Galvao (2002) specifically tested linear versus non-
linear models, but neither offered statistical tests other than 80% empirical distribu-
tion functions for individual features of the data. The testing strategy employed here
is similar to that employed by Hess and Iwata (1997) and Cogley and Nason (1995).
Multiple business cycle features are tested simultaneously using generalized Q-tests
providing evidence on the ability of models to produce statistically similar features
relative to those seen in the actual data. Additionally, Kolmogorov-Smirnov (“KS”)
tests are used here to show that the individual features of ARIMA models including
volatility shifts are significantly different than models that do not account for the
Great Moderation. All features are measured in both the simulated and actual data
using the standard BBQ algorithm in Chapter Two to identify turning points. In
Chapter Three we relax the assumptions of the algorithm to analyze the robustness

of its parameters.

1.4 Comparison to Previous Research

In our research we use a univariate framework to explore simulated data from a variety
of linear, structural change, and non-linear MS models. By comparison, previous work
shows that univariate MS models are generally superior to almost all other univariate
business cycle models as measured by the fit of simulated data to actual cyclical
features. It should be noted that the ARIMA(1,1,0) approach has been found to
be comparable to a simple MS approach at replicating most cyclical features found

in U.S. data, with the exception of asymmetry. Asymmetry is the condition that
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recessions are generally linear, while recoveries tend to show a rapid growth at first
with slower growth once the expansion is mature. The inability for simple models to
replicate complex features like asymmetry is noted in the work of Morley and Piger
(2005), Clements and Krolzig (2004), Kim, Morley, and Piger (2005), Harding and
Pagan (2002), and Hess and Iwata (1997). Morley and Piger (2005) note that they
are not testing for model specification in their MS models, but generally testing for
the importance of non-linearities. Nearly all previous literature on measuring the
cyclical features of simulated MS data includes a comparison to an ARIMA model.
These results provide statistical evidence that researchers should account for the
Great Moderation when making comparisons between MS and ARIMA models. The
approach taken here is to compare the simulations made by a range of models in the
presence of the Great Moderation. One of the most important conclusions of our work
here is that any MS models should be compared to a structural change in variance
(“ARIMA-SV”) model, since a simple linear model is incapable of replicating most
business cycle features for any of the three economies examined.

The Great Moderation has had an important impact on the field of business cycle
modeling. Foremost, the discovery of the Great Moderation did not occur until 1999,
at which point most research used a constant measure of volatility in their modeling
and simulation methods. Furthermore, estimates by Clements and Krolzig (2004)
and Hess and Iwata (1997) are from a more limited 1949-1992 time frame prior to
study of the Great Moderation. Harding and Pagan (2002) analyzed data through
1997 but failed to account for a break in volatility in their modeling approach. Kim,
Morley, and Piger (2005) accounted for the Great Moderation when testing MS models
over the 1949-2003 period, finding that volatility shifts were important to correctly

fitting the model. However, Kim, Morley, and Piger (2005) did not include tests on
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simulated data for expansionary business cycle features or compare their results to a
linear model which could account for the Great Moderation like the ARIMA-SV.
Results here show that simple ARIMA-SV and MS models that account for an
independent shift in volatility are in fact very successful at replicating business cycle
features in U.S., U.K., and Australian GDP. In fact in many cases an ARIMA-SV
produces simulations that are comparable to those produced by a MS model. Thus, it
is found that other researchers studying the dynamics of simulated data from business
cycle models should be comparing their estimates to a model accounting for the Great
Moderation like the ARIMA-SV specification. Also, if using a MS model to mimic
the business cycle, one should take the Great Moderation into account and specify

their models appropriately.
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Table 1.2: Business Cycle Peaks and Characteristics

U.S. U.K. Australia
Year Quarter Year Quarter Year Quarter
Cycle Peak 1 1948 4 1955 3 1960 3
Cycle Peak 2 1953 2 1961 2 1965 3
Cycle Peak 3 1957 3 1973 2 1971 3
Cycle Peak 4 1960 1 1974 3 1975 2
Cycle Peak 5 1969 3 1979 2 1977 2
Cycle Peak 6 1973 4 1990 2 1981 3
Cycle Peak 7 1980 1 2008 2 1990 1
Cycle Peak 8 1981 3
Cycle Peak 9 1990 3
Cycle Peak 10 2008 2
Cycle Characteristics
U.S. U.K. Australia
P—Te T—P? P—T T—P P—T T—P
Durations 2.8889 21.7000 4.1667 31.0000 3.5714 16.5000
Amplitudes(%) -2.2380 22.1355 -2.6847 24.2505 -1.7911 20.0444
Cumulative(%) -2.9379  402.8080 -7.1992  522.5736 -3.6672  210.2755
Excess(%) 0.0244 1.1160 -0.0608 -0.5617 0.0737 0.7977

All measures are in quarters
@P—T refers to recessionary characteristics.
bT—P refers to expansionary characteristics.

28
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Figure 1.6: U.K. Growth Rates
(Gray Bars Indicate BBQ Identified Recessions)
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Chapter 2

Incorporating the Great

Moderation Into Business Cycle

Modeling

2.1 Introduction

The methods of determining peaks and troughs of business cycles are neither uni-
form nor transparent. Actual U.S. business cycle turning points are determined in
hindsight by the National Bureau of Economic Research’s Business Cycle Dating
Committee (“NBER” hereafter). Macroeconomic models are frequently constructed
to mimic NBER turning points in order to measure historical trends or form forecasts.
Many models designed to mimic historical trends in output are deemed statistically
sound. However, the same statistically sound models can often be dismissed due to
their inability to replicate business cycle features in simulated data. Harding and

Pagan (2002) and Hess and Iwata (1997) provide significant evidence that many valid
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statistical models perform very poorly in simulation experiments which test the abil-
ity of various specifications to replicate typical business cycle features. Recent work
directly comparing simulated data to business cycle turning points has led authors
such as Clements and Krolzig (2004) and Camacho and Perez-Quiros (2007) (“CPQ”
hereafter) to discredit model specifications that might otherwise appear statistically
valid. This paper tests a range of model specifications for their ability to simulate
the business cycle characteristics measured in the underlying data series.

This research specifically examines the ability of linear, structural change, and
non-linear Markov-switching models to simulate business cycle characteristics. Busi-
ness cycle characteristics are measured with metrics commonly seen in the literature
such as the length or depth of a recession. Using U.S., U.K., and Australian GDP
data it is found that models accounting for the Great Moderation in output volatility
significantly increase the ability to replicate business cycle features. This research
also provides supporting evidence to CPQ that linear structures in MS models are
not necessary for replicating business cycles. Growth in the U.S., U.K., and Australia
generally behave according to a jump-and-rest pattern described by CPQ for the case
of the United States. Our research is also in agreement with the work of Kim, Morley,
and Piger (2005) and Morley and Piger (2005) (“M&P” hereafter) who found little
need for linear structures in their non-linear models of the business cycle. As CPQ
point out, a jump-and-rest business cycle implies that recessionary shocks do not have
long lasting effects. This evidence is in contrast to much previous research that finds
economic growth models exhibit autocorrelation. This finding is important to policy,
as responses to economic shocks are often meant to limit shock persistence.

Markov-switching models initially proposed by Hamilton (1989) were able to de-

scribe an economy where growth rates jumped between “boom” and “bust” states.
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Until the mid-1990s, MS models showed consistent ability to predict recessionary
states using only the single macroeconomic GDP series. Typically, these MS models
included autoregressive parameters intended to capture the persistence of shocks to
the model. Following the Great Moderation however, MS models with constant vari-
ance (“CV”) were unable to accurately predict recessions. The basic MS model was
modified by McConnell and Perez-Quiros (2000) (“MPQ” hereafter) to incorporate
the Great Moderation by showing that when the volatility state was were allowed to
shift independently of the growth state, the MS model was again able to predict reces-
sions. Since the publication of MP(Q however, many studies employing the MS model
have used a simpler specification where volatility states are tied to the growth state.
Thus, when the model is in an expansionary period, it would have low-volatility and
vice-versa. This paper shows that the simpler CV or tied switching (“T'S”) volatility
models are not a substitute for independent switching (“IS”) volatility.

The results presented in this chapter are significant as many other researchers
continue to use MS models that are improperly specified, believing that they are ac-
counting for the Great Moderation. Additionally, many researchers justify the use
of Markov-switching by comparing their models to a linear model without a struc-
tural change in volatility. Any results where the MS model is compared to a simple
linear structure are very likely to be misleading, as it is shown that these simple
models are unable to mimic most business cycle characteristics with any regularity.
Structural-change in volatility models of GDP growth are very successful at simu-
lating most business cycle features, and often outperform many models containing
Markov-switching. This finding is important as structural-change models are intu-
itively appealing due to the fact that they are much more straightforward than MS

methods.
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In this paper, evidence is provided supporting the idea that business cycle dating
algorithms are useful in helping select an appropriately specified linear or MS model
for any series when trying to simulate cyclical features of data. Using a combination
of the MS approach and simple business cycle dating algorithms results in selecting
models that are superior for the purpose of explaining certain features of the data.
The Great Moderation of output in the U.S. and other industrialized economies has
spawned a great deal of research in an attempt to identify the cause. Whether the
impetus of the Great Moderation was good luck, good policy, or something different
is irrelevant to the modeling strategy employed here. The preferred specification for
the countries studied here predicts a possible end to the Great Moderation in U.S.
and U.K. GDP. If the Great Moderation has ended, then only the models including
independent switching would be able to detect this change.

The models used here are useful at gaining a better understanding of the stylized
facts of business cycles even though they do not contain explicit optimizing agents
or theoretical restrictions. An improved understanding of the nature and predictions
of simple models will help more complex and multivariate models forecast behavior
in an economy. There is a valued interest in being able to improve predictions about
future business cycle peaks and troughs and knowing how long business cycles are
expected to last. Recent global economic turmoil may be signaling a large shock, a
series of large shocks, or even an end to the Great Moderation. Thus it stands to
reason that economists should have a better understanding of the predictions made

by our models.
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2.2 Background on the Great Moderation and MS

Modeling

Previous work studying business cycle models and the Great Moderation have simi-
larly concluded that non-linear features are essential.! However, evidence presented
here displays that the specific type of non-linearity is important to the ability of a
model to fit stylized business cycles. Beginning with a simple linear structure for
output like the ARIMA(1,1,0) model in Equation 2.1, a large variety of models can

be formed and tested.
Ay, = p+ ¢Ayi 1 + €, e ~ N(0,0%) (2.1)

Previous work by Morley and Piger (2005) tests for linear effects in the U.S. using
MS models, concluding that little is added with a simple non-linearity. However,
the models estimated by M&P do not allow the mean and volatility to switch states
independently. Independent switching mean and variance yield the best fitting models
tested here, while tied-switching models conform to the predictions of M&P. Kim,
Morley, and Piger (2005) (“KMP” hereafter) estimated independent switching models
for each of the countries studied here, and found they all fit the MS model well.
However, KMP focused only on testing their models for recessionary features and not
all business cycle characteristics. As we will see, tests here show that models with
independent switching mean and variance can account for all business cycle features
versus those models where either the variance is constant, or the mean and variance

shift simultaneously. In fact for the U.S., U.K., and Australia, there is substantial

!See Smith and Summers (2002), Clements and Krolzig (2004), Kim and Nelson (1999), and
Morley and Piger (2005)
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evidence that the MS-TS models are able to replicate recessionary features but not
expansionary features. This is an important finding as much previous research has
estimated MS models with either constant volatility or shifting variance which is tied
to the state of the mean (See Clements and Krolzig (2004), M&P, Galvao (2002), and
Smith and Summers (2005)). This paper does not test the “bounceback” MS model
proposed by KMP which is specifically designed to improve the model’s ability to
capture recessionary features. The work of KMP also differs from our results here as
they account for the Great Moderation using a dummy variable set to 1984Q1, rather
than letting the Monte Carlo simulation volatility switch between states according to
a latent state variable.

Morley and Piger find that non-linearity in mean growth rates are important at
replicating business cycle features, while shifts in volatility are not. However, the
conclusions of M&P are based on additional features not tested here such as average
growth rates and variances during different phases. Also, as noted on page 13, Morley
and Piger use a modified dating algorithm making direct comparison to other studies
unclear. Also, M&P do not allow volatility to switch by itself in their simulations,
but instead force a switch at the estimated date of the Great Moderation. These
differences make their results difficult to compare to those presented here.

Galvao (2002) tests non-linear and linear U.S. models for their ability to fit asym-
metric features of the business cycle. Asymmetry as far as we are concerned here
is the condition that recessions are generally linear, while recoveries tend to show
rapid growth at first with slower growth once the expansion is mature.? Galvao finds

that non-linear models are not generally flexible enough to capture asymmetric fea-

2See Morley and Piger (2005), Clements and Krolzig (2004), Kim, Morley, and Piger (2005),
Harding and Pagan (2002), and Hess and Iwata (1997).
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tures. The ARIMA(1,1,0) approach has been found by Hess and Iwata (1997) and
Harding and Pagan (2002) to be comparable to a simple MS approach at replicating
most cyclical features found in U.S. data, with the exception of asymmetry. This
paper agrees generally with M&P and Galvao (2002) that certain MS models are
better at replicating business cycle features such as asymmetry. However, many MS
models estimated here cannot replicate business cycle characteristics with any accu-
racy. Generally simple MS models with CV or TS volatility perform much worse than
linear structural-change in volatility models that account for a break like the Great
Moderation.

Some have questioned the use of business cycle dating algorithms that mimic

the NBER business cycle dating committee decisions.?

Instead of using a dating
algorithm, Hamilton (2003) suggests using the predicted states from a simple MS
estimation to determine business cycle turning points. Chauvet and Piger (2003) and
Chauvet and Hamilton (2005) specifically show that MS models can come very close
to predicting NBER business cycle turning points for U.S. data. However, the merging
of the parametric methods of Hamilton and the non-parametric methods of Harding
and Pagan (2002) is regularly performed. A prime example of merging these methods
is in KMP who employ both parametric and non-parametric approaches to justify
the use of their bounceback MS model. In application to the U.K. and Australia,
MS models have mixed success fitting business cycle characteristics. The U.K. and
Australia experienced their own Great Moderation in output volatility in the early
1990s and mid-1980s respectively as seen in Figures 1.6 - 1.7. While the Euro area has

a business cycle dating committee similar to the NBER in the Centre for Economic

Policy Research, there is no worldwide standard for dating turning points. When

3See Hamilton (2003) for specific criticisms and Harding and Pagan (2003b) for a rebuttal.
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trying to fit the MS models estimated here, a common non-parametric algorithm is
used to detect turning points in output. This research supports the idea that business
cycle dating algorithms are useful in helping select an appropriately specified linear
or MS model for any series that is meant to mimic cyclical features of data. By
combining the MS approach, and business cycle dating algorithms these results show
that the U.S., U.K., and Australian business cycles can be best approximated using
Markov-switching models with independent switching. In the case of the U.S. and
Australia linear models with structural change accounting for the Great Moderation

are also able to replicate nearly all features of the business cycle.

2.3 Testing Strategy

The testing strategy employed here was first used by Adelman and Adelman (1959) to
test a large Keynesian-type macro model. The “test of the Adelmans” showed that
despite the lack of internal propagation mechanisms, random shocks could create
cycles in simulated data that resembled those in the actual economy. First, a number
of models that are commonly used in the business cycle literature are estimated over
the time period of available data. Each of the original time paths that are used in the
estimation phase have their features measured using a standard BBQ algorithm as
described in Section 1.2.4. Next, using the parameters that are estimated in each of
the models, Monte Carlo paths are generated for each model assuming no parameter
instability and normally distributed errors. For each of the simulated time paths the
features are measured using the same algorithm used to measure the original time
series. Finally, statistical tests are performed to estimate the likelihood of seeing

similar features in simulated time paths that are seen in the original data.
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Work by Hess and Iwata (1997) tested simple linear models of the economy against
those with more sophisticated linear and non-linear dynamics. Specifically Hess and
Iwata (1997) tested models designed to capture asymmetrical features of the data
concluding that an ARIMA(1,1,0) model was equal to or superior to other models
tested, including a basic MS model. Hess and Iwata (1997) used generalized Q-tests
and Kolmogorov-Smirnov tests to demonstrate that there was little to be gained
in using more sophisticated linear and non-linear modeling. Hess and Iwata (1997)
used a “running peak” turning point algorithm that differed from that of Burns and
Mitchell (1946) and Bry and Boschan (1971) making the results somewhat difficult
to compare to those from other studies. Hess and Iwata (1997) also did not test their
simulated data for asymmetric features that Neftci (1993) and Kim, Morley, and Piger
(2005) showed to be present in U.S. data. The conclusions of Hess and Iwata are based
on the ability of a model to replicate the cyclical nature of the historical data. In
our research here Q-tests are utilized to compare the features of simulated data the
same features in actual business cycles for each country. Kolmogorov-Smirnov tests
are also used here to compare the distributions of individual features produced by a
variety of models. In combination, these tests allow several models to be ruled out of
contention to fit business cycles.

Later work by Harding and Pagan (2002) adapted the dating algorithms of Bry and
Boschan (1971) for quarterly data (“the BBQ algorithm”), and tested simple linear
models against MS models popularized by Hamilton (1989).% Harding and Pagan
(2002) results agreed with Hess and Iwata (1997) that non-linear models offered little
gain over linear models. However, the work of Harding and Pagan (2002) lacked

statistical testing like that in Hess and Iwata (1997) and Cogley and Nason (1995).

4See page 11 for a more complete description of the algorithm.
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The parametric approach (i.e., Markov-switching) of determining a turning point
was defended by Hamilton (2003) in a published debate where Harding and Pagan
(2003a) supported the use of non-parametric measures of fitting models to the data
being referenced.® The method of applying an algorithm to data to determine turning
points is now common in the literature. Non-parametric characteristics of actual and
simulated data can be compared to see if the model can in fact simulate the features
of the underlying data. While work like that of Morley and Piger (2005) has shown
that the methods of Harding and Pagan (2002) can be improved on by calibrating
the algorithms to more closely match the NBER decisions. However, there is no
natural NBER dating tool that can be used for international research. All business
cycle characteristics compared here are measured using the unaltered BBQ algorithms
developed by Harding and Pagan (2002).°

It is possible that an algorithm that can fully replicate the NBER methods would
be very important to this field of research. Recently CPQ showed that the NBER
business cycle turning point dates were “unique” versus other turning point dates
like those determined using an algorithm. When CPQ included dummy variables
(N;) indicating NBER recessionary states in a simple ARIMA model, the autoregres-
sive component of the model (¢) was no longer significant (See Equation 2.2). In a
search to see if the NBER dates were truly special, CPQ show that even lagging or
leading the NBER dates by a single quarter led to a significant ¢ value. These results
are promising developments in the search for defining business cycle turning point

algorithms or methods. An analysis similar to CP(Q is performed here to test for the

°For more details on the debate see Hamilton (2003); Harding and Pagan (2003a,b).

6The search for the optimal business cycle dating algorithm is still open for further study, and
is beyond the scope of this paper. Both M&P and CPQ show methods for improving business cycle
dating for the U.S., but similar methods for foreign countries have yet to be developed.
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importance of recessionary states. Recessionary states predicted from MS models and

the BBQ algorithm are tested for each country.

Ay, = p+ oAy, + BNy + ¢, e ~ N(0,0%) (2.2)

In most previous studies of U.S. business cycles that estimate simple ARIMA
models, the value of ¢ is found to be positive and significant. The significance of ¢ has
led many researchers to believe in the importance of previous shocks to the current
state of growth. The work of CPQ suggests that there is little persistence from a
single shock. Using MS models accounting for independent volatility switching, CPQ
show that autoregressive lags are not necessary for the United States. Camacho and
Perez-Quiros (2006) describe their findings as a “jump-and-rest” pattern of output
growth. Our findings show supporting evidence for the findings of CPQ for the U.S.,

but conflicting evidence for the U.K. and Australia.

2.4 Methodology and Data

This paper first develops linear, structural-change in volatility, and MS estimates of
the movement in GDP. The data for the estimations and simulations are seasonally
adjusted Gross Domestic Product in chained dollars for the U.S. (1947Q1-2008Q4),
U.K. (1955Q1-2008Q4), and Australia (1959Q3-2008Q3).” The volatility of each of
these countries varies a great deal across nations, and it is apparent from Figures 1.5
to 1.7 that the volatility of output growth rates has moderated quite abruptly. The
variety of models that have been used to fit each of these series has displayed that the

volatility breaks are likely to have occurred almost concurrently, however there are

72008Q4 data for the U.S. and U.K. are unrevised estimates.
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a range of estimates on the exact date of each country’s moderation. Work by van
Dijk, Osborn, and Sensier (2002) estimates the different possible confidence intervals
for the break dates in volatility showing that many countries experienced breaks in
output volatility during the mid-1980’s to early 1990’s.

Using the BB(Q algorithm leads to the estimated business cycle characteristics
seen in the bottom of Table 1.2. The typical U.S. “recession” length is 2.89 quarters
(P—T), and results in a loss of 2.93% of accumulated output (See Table 1.2, column
1). Recessions also appear to be very close to linear with only 0.024% of net excess.
Average U.S. “expansions” are around 21.7 quarters in length and experience gains
of 402.8% in accumulated output on average. The U.S. expansions are in excess of
the triangle approximation, showing that growth from a trough tends to be nonlinear
in nature. Kim, Morley, and Piger (2005) test the ability for a “bounceback” model
to improve on the fit of a MS model with respect to expansion from a trough period.
While the “bounceback” MS model is not estimated here, our results support the
findings in KMP. The standard BBQ algorithm finds that the U.S. has an estimated
10 business cycle peaks relative to the 11 estimated by the NBER. The U.K. and

Australia are found to each have 7 cycle peaks over their sample periods.

2.4.1 Endogenous Break Tests and Linear Methods

Following the work by McConnell and Perez-Quiros (2000), Generalized Method of
Moments is used to simultaneously estimate Equations 2.3 and 2.4 along with Equa-
tions 2.5 and 2.6 listed below. These two pairs of equations help determine if and
when a structural change has occurred in the parameters of these models. This
estimation method allows for endogenous determination of the break dates for the

variance and other parameters. The choice for the variance estimation equation can
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be attributed to the methodology of MPQ who use an unbiased estimator of the
standard deviation /7 |e;| as per Davidian and Carroll (1987). Sensier and van Dijk
(2004) also used a similar specification to estimate break dates in the volatility of 214

U.S. macroeconomic time series.
Ayt = ¢0 -+ ¢1Ayt—1 -+ €t (23)

T
\/; et = Dyay + Daevs + (2.4)

The instruments used in the system are a constant, lagged growth, and the dummy
variables indicating the regime. For each model, a Newey-West weighting matrix
with 12 lags was used to calculate standard errors. Estimation was carried out using
iterated GMM with instruments used to construct the initial weighting matrix and
an optimal weighting matrix to calculate final parameters. Each model was estimated
over the range of possible break dates (T") between T} = 0.15n and T, = 0.85n which
are used to set the values for Dy; and Dy, in Equation 2.4. Values of 77 = 0.15 and
T5 = 0.85 are set to avoid the problems of detecting breaks at the beginning and ends

of samples. The dummies for volatility regime are set such that

The model is then estimated for each possible T value between T7 and T5, and Wald

or Likelihood Ratio (LR) tests are performed for each of the estimated models. Due
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to the presence of a nuisance parameter (t), that exists only under the alternative,
the distribution of the test statistics are non-standard. The test statistics used to
determine whether or not a series contains a break are of the average exponential
variety. Specifically, the sup, ave, and exp tests are performed across all estimations
as suggested by Andrews (1993) and Andrews and Ploberger (1994) using the p-value
correction suggested by Hansen (1997).

It is also plausible that given the simple system of equations that have been laid
out, the model could have experienced a break in the lag coefficients or the constant.
In order to plausibly rule out this possibility, regressions were run on the following

system as well.
Ay = Digo + Doyr + Do Ayi—1 + Doyp3Ay—1 + € (2.5)

T
\/; ler| = Divoq + Doras + pu (2.6)

While the model in Equations 2.5 and 2.6 has the shortcoming of not testing individual
break dates in all parameters, if we are searching for a plausible reason for the obvious
volatility break in the mid-1980s it is reasonable to expect that the coefficients might
experience a concurrent break. It is possible to construct and test the model for
independent breaks of the constant and lag coefficients along with the variance break,
but those tests were not performed here. For the U.S. data alone, simultaneous
estimation of non-concurrent variance and lag parameter breaks would involve trying
to select one model from nearly 30,000 regressions. The MS model is an obvious

alternative to searching for the best structural-change model.
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2.4.2 Markov-Switching Estimation Methods

Seeing that the purpose of this study is to determine the importance of non-linearities,
the MS models have been simply specified. The MS models estimated here have three
basic structures. Within each structure for each country we compare models with and
without a linear structure. Those models without a linear structure follow an AR(0)
specification taking after the work of M&P and Albert and Chib (1993). Work by
M&P and Albert and Chib (1993) find that the AR(4) model of Hamilton (1989) is
over specified once an expanded U.S. dataset is considered. More importantly, all
motion within a model specified as an AR(0) is due to either a current shock or the
state of the system. Models are also estimated including a linear function in the form
of a simple AR(1) term. Generally, each structural system is specified where ¢ = 0 or
¢ # 0 and the variable y; is output. These basic structures will be denoted “NoAR”

for Equation 2.7 and “AR(1)” or “linear structure” for Equation 2.8 throughout this

paper.

Ay = ps, + & (2.7)

Equations 2.7 and 2.8 are assumed to have a normally distributed error term, e ~

N(0,0?). Adding an autoregressive term (¢) to Equation 2.7 yields:

Ay = ps, + O(Ays1 — ps, ) + & (2.8)

In both Equation 2.7 and 2.8, S; is an unobserved random variable that is the real-

ization of a two-state Markov chain. Transitions between the two states (.S; for ¢ and
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S; for t — 1) in all specifications here are governed by fixed probabilities

PT(SL‘ = Z.|St—1 = j7 St—2 = ka s 7Ayt—17Ayt—27 - ) =

PT(St = i|St_1 = j) :pij

The parameters of these models are estimated using maximum likelihood based on
a version of the EM algorithm as described by Hamilton (1989). The variance o2,
and state specific means p; and o are estimated along with py1, and pyy and ¢. The
value pj; represents the probability of remaining in state 1 (typically the high-mean
growth state) in time ¢ given that you are in state 1 at time ¢t — 1. Likewise pog is
the probability of remaining in state 2 (typically the low-mean growth state), given
that you are in state 2 to begin with. The transitional probabilities that are most
interesting can be calculated as ps; = 1 — p;; and p1s = 1 — pgs. Each transitional
probability represents moving from the high-mean state to the low-mean state, and
vice versa. In this simple structure it is assumed that there is constant volatility.

A second structure is estimated, where the mean and variance are “tied” to one
another. The TS structure assumes that each state experiences its own measure of
volatility. Thus, recessions have one level of volatility, while expansions have their
own volatility. These models are popular methods of accounting for heteroskedastic-
ity across states. Krolzig and Toro (2005) is one of many examples using the tied
volatility MS model in practice. The TS variance models are governed by only a
single transitional probability like in Equations 2.7 and 2.8. The TS models specified

in Equations 2.9 and 2.10 are estimated both with and without a single AR(1) term.

Ay, = s, + €s, (29>
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Ayt = Us, + ¢(Ayt—1 - lustfl) + €S, (210)

Equations 2.9 and 2.10 are specified such that the volatility is state specific, and eg,
~ N(0,0%,) and eg, ~ N(0,0%,). It should be noted that the volatility shifts modeled
in Equations 2.9 and 2.10 are distinctly different than those shifts identified by the
Great Moderation. The Great Moderation implied a wholesale break in volatility and
not necessarily a change in state-specific volatility.

The third structure estimated allows for the volatility to shift “independent” of
the mean. The independent switching or IS variance model was first used to analyze
GDP for the U.S. by McConnell and Perez-Quiros (2000), but has only recently been
used in fitting business cycles. Hamilton (2005) provides a more detailed description
of the inference and estimation methods used here. In this structure there are two
independently determined rates of growth for each of two separate levels of volatility.
Thus there are four mean growth rates in all. Switching between the high- and low-
mean and high- and low-volatility states are each governed by a separate two-state

Markov chain.

Aye = ps,vi + O(AY1 — p1s,_1vis) + €s,,v, (2.11)
Ay: = pis, v, + €5,.v; (2.12)

Volatility states are governed by a similar method as growth states

Pr(Vi=ilViei =4, Vica =k, ..., Ay, Ay o, ...) =

PT(Vt :Z“Wfl :j) = {ij

The probability of switching from the high-volatility state V; to the low-volatility state

V3 is @91 and represents a shift much like the Great Moderation. Equations 2.11 and
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2.12 represent the most complex models examined here. Means under a high-volatility
regime (V) will independently switch between a high-growth (p;;) and low-growth
(121) state. If the model transitions into a low-volatility regime (V5), the mean will
independently switch between 115 and uss according to transitional probabilities pio
and po; respectively. Variances are estimated for the two separate states as a high-
volatility state (o7) and low-volatility state (03). Unlike work by Smith and Summers
(2005) there is no attempt to constrain the variables to strictly represent recessionary
or expansionary states as negative and positive growth respectively. Thus it will
be shown that several models predict positive growth during their low-mean growth
states. However, these models often coincide with business cycle turning points.
Models represented by Equation 2.12 are the best fitting models for business cycle
characteristics for each country.®

Statistical testing of MS models is complicated in a manner similar to testing for
an endogenous break in the volatility of a linear model. The probability of shifting
states represents an additional nuisance parameter when testing between structural-
change models and basic MS models. Therefore the tests to perform the statistical test
between structural-change models and MS models are not standard. Furthermore,
there are additional nuisance parameters between CV and TS models, and again
between TS and IS models. Therefore, in order to statistically test each of these
increasingly complex models, new test statistics must be created through Monte Carlo
simulation with the appropriate degrees of freedom, similar to what was carried out
in Carrasco (2002) and Hansen (1997). As the purpose of this research is not to select

the best fitting model in parametric terms, we continue by examining the commonly

8Estimation was performed using programs made publicly available by Hamilton (1989) from his
website listed in Appendix A. Independent switching models were estimated using programs made
publicly available by CPQ also listed in Appendix A.
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used models in the literature and comparing their ability to replicate non-parametric

features.

2.5 Estimation Results

The first linear estimations are estimated with a focus on attempting to determine
the presence and location of a break in the variance. The results here confirm the
findings of the 1984Q1 date for a U.S. volatility break which closely matches estimates
by McConnell and Perez-Quiros (2000) and Kim and Nelson (1999). For the U.K. a
volatility break was detected in 1992Q2 which roughly agrees with estimates by van
Dijk, Osborn, and Sensier (2002). A volatility break was estimated to have occurred
in Australia during 1985Q2. Linear models of various ARIMA(p,d,q) specifications
could be tested and compared. However, it should be noted that the break tests are
selecting a model based upon the most likely period for a parameter shift. Addi-
tionally, once a structural change has been detected in the linear model, specification
tests like AIC/BIC tests do not confirm that the same linear structure is necessar-
ily optimal in both periods. Thus, it seemed most logical to focus on comparing
the same basic models across countries in lieu of estimating a multitude of ARIMA
models.® Subsequently, the MS estimations are performed simplifying the need to
simultaneously model and test non-linear and linear features. Statistical tests of the
various MS estimations versus linear models with and without volatility breaks are
not performed here. A more complete explanation on the computational difficulties

and current testing theory is given in Appendix A.

9Specification tests for the ARIMA models are available from the author upon request.
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2.5.1 Linear Regression and Endogenous Break Test Results

The estimation of the system of Equations 2.3 and 2.4 for the U.S., the U.K., and
Australia all indicate a break in their volatility as can be seen from the test statis-
tics in column 3 of Tables 2.1 - 2.3. Parameter estimates are shown for a random
walk with drift model (column 1), a GMM model estimated with a constant volatility
(column 2), and a GMM model allowing for a structural break in volatility (column
3). Wald test statistics shown at the bottom of column 3 for the U.S. in Table 2.1
are all highly significant and estimate the most likely break date for the variance at
1984Q1. A similar Lagrange Multiplier test for parameter stability of the U.S. model
using p-values corrected using methods suggested by Hansen (1997) also estimates
the break date at a nearby 1983Q1, while a Likelihood Ratio test estimates the break
date at 1983Q2. Any of these dates could plausibly be used in the forthcoming Monte
Carlo estimation, but the Wald test dates were chosen due to the fact that they agree
with previous estimates and their ease of calculation. Each of the models in columns
1 - 3 in Tables 2.1 - 2.3 are tested in the simulation section. Carrasco (2002) notes
that structural-change tests of a linear model may not be correct if the true model
is a threshold autoregression (TAR) or MS model. However, Carrasco (2002) only
confirms this result for a model with a shift in mean and AR parameters and does
not conduct similar tests with shifting innovation variance. Carrasco’s finding that
structural-change tests may not be correct relies on recreating test statistics using
known models and Monte Carlo simulation. While these findings are important to
understanding the model selection process, the problems Carrasco raised were not
pursued further here. Therefore, the Likelihood Ratio tests performed here assume
standard distributions, since the non-standard distributions are not well understood.

It is worth exploring these data for additional breaks to understand where the short-
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comings of the simulations might be even though the point of this research is not to
find an optimal linear model.

It can be seen in column 3 of Table 2.1 that U.S. growth volatility moderated
from approximately 1.0996 to 0.4781 between the pre- and post-break periods. The
coefficients reported here are based off of quarterly changes in output measured as
100*Aln(output). Thus, a constant value of 0.5118 for the U.S. in column 3, translates
into approximately 2% annual growth ignoring the persistence of the AR(1) term. The
U.K. experienced an even greater decline in volatility falling from 1.0565 to 0.3779
at approximately the second quarter of 1992. For the U.K. it should be noted that
the break date of 1992Q2 was used for simulations, but a Lagrange Multiplier test
estimated the U.K. break date at 1985Q2. Australia also experienced a significant
decline in volatility around 1985Q2, as the level of volatility fell from 1.3994 to 0.6111.

Tables 2.1 - 2.3 also display tests for subsequent volatility breaks in the remaining
shortened periods, conditional upon the first break. Each subsequent break test was
performed on only the central 70% of the remaining time series to avoid problems with
endpoint break detection. The coefficients reported in columns 4 and 5 in Tables 2.1
- 2.3 are from the period in which the Wald statistic predicts the greatest probability
of a break in the standard deviation. For the U.S., there is some evidence of an addi-
tional break around 1987Q3 in the second half of the data with sup tests exhibiting
low p-values. However, when the ave and exp tests are examined, there is insufficient
evidence to declare an additional break for U.S. data. The U.K. estimates in columns
4 and 5 of Table 2.2 show little evidence of any additional breaks. However, tests
of additional breaks in Australian GDP volatility show substantial evidence of an
additional downward volatility break in 2004Q1. This possibly important finding in

the Australian data merits much further study and will be explored in future work.
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Given that this volatility shift in Australia has only been present for about four years
we believe that furter reductions in volatility would only result in a better fit for the
structural-change model. It is possible that output volatility in Australia has simply
been trending downward, or there may be more volatility periods than first believed.
It should also be noted that the U.K. and Australian models had insignificant autore-
gressive coefficients in the primary estimation (column 3), particularly in the period
prior to the second break for Australia as seen by comparing columns 3, 4 & 5 of
Table 2.3. While these anomalies will have some impact on the simulated data and
the ability to replicate the features of each country’s output, one of the major goals
of this research was to see if commonly used simple models of output could success-
fully mimic business cycle features for any country. These results serve as mounting
evidence that there is not one simple model of output that can be applied broadly.

Plots of the Wald test values for each of the possible break dates (excluding the
beginning 15% and ending 15%) suggest that U.S. growth had not finished “breaking”
by the late 1980’s as seen in Figures 2.1 - 2.3. The vertical axes in Figures 2.1 - 2.9 are
the sup Wald test values, and need to be carefully interpreted. In order to declare a
break, all test values (sup, ave, exp) should be significant at some standard level. The
period where maximum sup Wald test values are obtained are reported in Tables 2.1
- 2.3. These non-standard Wald test values, have their p-values calculated according
to the methods laid out in Hansen (1997), and depend on the sample size which if
varying in each period.

The sup test statistics for the detection of additional breaks in Australian volatility
after the initial moderation show some evidence of a second downward shift. Exami-
nation of Figure 2.9 shows that there is mounting evidence of a second volatility break

where the sup test statistic values exceeding 50, yielding a p-value of 0.000. Using all
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test statsitics (sup, ave, exp), one might conclude that there is an additional break in
Australia. Several researchers, including CPQ test a permanent one-time switch in
volatility at the pre-estimated break date using dummy variables. While a three-state
MS model is not used here for Australia, our estimates and simulations when using
MS modeling allow for volatility to switch into and out of high- and low-volatility
states.

Estimates for the models estimating Equations 2.5 and 2.6 with simultaneous
breaks in all coefficients are shown in Appendix Tables A-1 to A-3. The tests in
Appendix Tables A-1 to A-3 examine the possibility that the behavior of the model
might be due to shifts in either the constant, standard deviation, or AR parameters.
For the U.S. there is virtually no evidence suggesting that the behavior of an ARIMA
model might be improved if simultaneous breaks were to occur in either the constant
or AR coefficient. Out of the few models estimated here, the ARIMA(1,1,0) model
with a variance break was determined to be the best fit.

For the U.K., there is evidence of an AR break if the standard deviation and
constant are concurrently allowed to shift as can be seen in Appendix Table A-2
column 2. The maximal point of the Wald statistic for a break in the AR coefficient
occurs during 1999Q3 however, and not closer to the time of the Great Moderation.
There is also some evidence that the constant is simultaneously breaking. A final test
is conducted on U.K. data where the AR coefficient is tested to break, at the same
time as the standard deviation is shifting as seen in column 4. However, the exp tests
do not agree with the sup and ave tests for the simultaneous break of these models.!°

Australian regression results in Appendix Table A-3 provide evidence in favor of

10See Appendix Table A-2, columns 1 and 7. Given that most of the models estimated here for
the U.K. have difficulty simulating stylized business cycle facts, it might be worth exploring breaks
in the AR coefficient for the U.K. in more detail.
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an AR(1) break. The evidence for the AR(1) break does not hold however if the
constant is not also allowed to break as seen in column 7. Column 8 examines the
AR(1) break if the SD and constant are not allowed to simultaneously shift. Evidence
shows that this estimation might be valid, but given the evidence on the occurrence
of Great Moderation this specification is not pursued further here. In the U.K. and
Australia it appears shocks have become more persistent after the Great Moderation
in the structural-change models. In future work it would be interesting to examine

the validity of the AR switching models for the U.K. and Australia.

2.5.2 Markov-Switching Results

Markov-switching models were estimated for each country using models outlined by
Equations 2.8 - 2.12. The MS models for all countries with each of the six combined
structures converge.!'’ Given that numerous researchers have noted that MS models
often find local maxima, a variety of starting points were tried for each model esti-
mated here. Parameter estimates for the models tested here predominantly hold given
different starting points, however a grid search for optimal starting points was not
performed. Those starting values which yielded strong convergence and the highest
likelihood were used. However, there is no guarantee that the MS models estimated
here are not a local maximum.

The results for the MS models statistically select those including volatility switch-
ing like the MS tied switching (MS-TS) and lean towards independent variance switch-
ing (MS-IS) models for each country via their log likelihood values. As is previously

noted, formal Likelihood Ratio tests across MS models were not performed due to the

1 Recall that there are three different volatility structures to be compared, each with and without
a linear AR(1) structure.
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fact that the test statistics have nonstandard distributions and are not well under-
stood. The conclusion of an improved fit is derived from a standard LR test statistic.
Given that there is only one additional parameter between a CV-NoAR model and a
TS-NoAR model the x? test has one degree of freedom so the critical value would be
approximately 4.0 under normal conditions at the 5% significance level. MS model
selection against linear models can be performed using methods proposed by Garcia
(1998). Garcia (1998) does not provide any test statistics for comparing a MS model
to a structural change in volatility model.'? In many cases very large LR test statis-
tics (where the Log L increases by more than five units) between models is taken to
be highly suggestive of an improvement in fit. Standard LR test statistics can be used
when the models being compared have the same basic form and do not have an ad-
ditional nuisance parameter such as adding a linear structure to a CV model. When
comparing the CV versus TS or TS versus IS models the tests are not standard. It
can be seen in Table 2.4 that T'S and IS models show dramatic increases in likelihood
values over CV models for each country.

The U.S. TS variance models that are popular in other research show findings that
square with much of the previous literature. The high-mean growth state is associated
with lower volatility in the TS-NoAR model, and low-mean growth states have higher
volatility. However, the low-mean growth rate for TS-NoAR is insignificant. When
including an AR coefficient, as seen in the TS-AR(1), the higher volatility state is
actually associated with higher growth, and the AR term is highly significant. It can
be seen that there is a significant increase in fit between the TS-NoAR and TS-AR(1)
models, with a standard LR test selecting the latter model as a better fit. It is unlikely

that a statistical test would select the IS model over the TS model for the U.S. as

12Gee Appendix A for more information on testing difficulties.
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there is only a marginal improvement in the log likelihood value when allowing for
the volatility to switch states independently of the mean. The MS-IS model for the
U.S. shows that the high-volatility high-growth mean state (p1) is 1.374, while the
low-growth state under a high-volatility regime (j91) is -0.148. Once the U.S. switches
into a low-volatility state (which occurs with less than 1% probability (1—g¢;; = .006))
the average high-growth state is a slower 0.903 (12) and the low-growth state (jug2) is
a positive 0.192. These estimates agree with the general findings of other researchers
like CPQ and Kim and Nelson (1999) who find that mean high- and low-growth rates
have partially converged. However, these findings show that the MS model does not
necessarily switch into a “recession” in a low-mean growth state. Examination of
the predictions of these MS models yields yet more insight on which model might be
preferred.

The MS models produce both filtered and smoothed probabilities showing the
likelihood of being in a given state during a given period. All plots produced here
showing the filtered probability of being in a certain state use all information up to
time ¢t. Smoothed probabilities are produced using all available information and can
be used to rule out “false positives” which frequently occur in filtered probabilities.!?
Using the assumptions of Hamilton (1989) economies are predicted to switch states
when a probability of being in a certain state exceeds 0.5.

Examining Figure 2.10 shows that the simplest model (CV-NoAR) nearly predicts
each recession for the U.S. selected by the BBQ algorithm as shown by the shaded
regions in each figure. The MS-CV-NoAR model is even able to predict the 2001

recession that the BBQ algorithm misses. This simple model is also able to predict

13Plots of both smoothed and filtered probabilities are available for each country and model from
the author upon request.
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that the economy entered a recession in 2008. Given that the MS-CV-NoAR model is
almost certainly not statistically optimal and researchers tend to account for switching
variance, other options are analyzed. Figure 2.13 shows that the tied-switching model
(MS-TS-AR(1)) is unable to predict recessions despite its statistical superiority to
the MS-CV model. Instead, the tied switching model including an AR parameter is
dominated by the change in volatility. As soon as the Great Moderation arrives the
probability of the low volatility, high mean growth state is nearly 1.00.

By untying the mean and variance, the MS-IS-NoAR model can improve predic-
tions even further. Around the first period of 1984, the probability of being in the
low-volatility state (left-hand vertical axis) moves to near 1.00. The prediction of
being in the low-volatility state after 1984QQ1 agrees almost exactly with the existing
evidence on the Great Moderation. The MS-IS-NoAR model shown in Figure 2.14
displays that the volatility switch is detected by a dramatic shift in the probability
of a low-volatility state. This MS-IS-NoAR model also selects every slow-growth or
recessionary period for the United States. However, the filtered probabilities would
lead one to make a false positive prediction in some cases if the py; > 0.5 rule is
used. Smoothed probabilities in Figure 2.16 for the MS-IS-NoAR model show that
there was a high likelihood of entering a recession in 2007. It is worth noting that the
probability plots for the MS-IS-AR(1) model with linear features are essentially indis-
tinguishable from the model without an AR term. The AR term in the MS-IS-AR(1)
model for the U.S. is insignificant at the 5% level, and appears to add little infor-
mation. A standard Likelihood Ratio test between MS-IS-NoAR and MS-IS-AR(1)
models conclude that the linear structure does not significantly improve the fit of the
model at the 5% level.

The most innovative finding from examining the probability plots of the MS-IS



63

models, is the recent decline in the probability of being in the low-volatility state.
Beginning in 2008, the probability of being in the low volatility state was no longer
very close to one. There is not enough evidence at this time to show that the Great
Moderation is over, but there is enough evidence to consider this a real possibility.

Estimates for the U.K. lend even more evidence that the Great Moderation might
be ending on a global scale. Parameter estimates for the same six non-linear models
examined for the U.K. are displayed in Table 2.4. Examination of the probability
plots of the MS-CV-AR(1) model for the U.K. in Figure 2.17 shows that a simple
MS model can predict many but not all of the U.K. business cycle turning points.
Removal of the AR term from the MS-CV model leads to similar state probabilities.
The MS-CV-AR(1) model is shown here due to the significance of the AR term in the
regression. Tied-volatility models for the U.K., lead to similar state probabilities as
for the U.S., where volatility switching dominates the states as seen in Figure 2.13.
Log likelihood values would almost certainly select a switching variance model over a
homoskedastic model. Likelihood Ratio tests between TS and IS models lean towards
selecting the IS models over others. At standard test levels the IS-NoAR would be
preferred over the T'S-NoAR, but due to the non-standard test statistics formal tests
were not performed.

In the U.K. MS-IS-NoAR model, the high-volatility, high-mean state has a quar-
terly growth rate of approximately 0.762%. The probability of remaining in this state
is p11 = 0.955, implying that the high growth state is relatively persistent. Also, the
low-volatility state, o2, has an exceptionally low measure of 0.065. Also notable
about the low-volatility state, is that the slow-growth state, po2, is predicted to be
an average of 0.615, not exactly what most economists would refer to as a recession.

The plot of filtered probabilities in Figure 2.18 can display this result more explicitly.



64

According to these predictions, the U.K. has very likely been in the low-mean growth
state on and off since about 2001. This shift into the low-mean growth state includes
the recent shift out of the low-volatility state. Note that in the high volatility state
it is still likely the U.K. economy remains in the low-growth state where the average
quarterly growth rate would be -0.057. Examining Figure 2.19 shows that the prob-
ability the U.K. is in the low-volatility state is now close to zero. During the period
of the Great Moderation the U.K. did not really experience any true recessions, but
rather a long period of high growth and an ensuing period of slower growth. The
MS-IS-AR(1) model is not statistically preferred to the NoAR model according to
standard Likelihood Ratio tests, and the AR coefficient (¢;) is insignificant.
Australia’s MS-IS model estimates are quite different than those predicted for the
U.S. and U.K. with regard to volatility. As was noted when measuring the linear
regressions, it is possible that there were breaks in the AR or constant parameters.
In the TS and IS specification estimates for Australia, the AR coefficients are insignif-
icant. Despite this fact, these models were estimated here in order to compare the
results across typically used methodologies. Others such as Kim, Morley, and Piger
(2005) have used the models tested here to estimate business cycle turning points
for Australia. Likelihood Ratio tests would lean towards selecting the MS-IS model
over other alternatives. Figure 2.21 shows that the CV model with an AR coeffi-
cient is poor at predicting recessionary states. The model should predict a total of 7
peaks to square with the BBQ algorithm, but actually only estimates four low-mean
states. An examination of Figure 2.22 shows the MS-TS-AR(1) model is dominated
by the volatility shift in 1985, as was seen in the U.S. and U.K. probability plots. Fi-
nally, Figures 2.23 and 2.24 show probabilities for the independent variance switching

models.
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The IS model without a linear structure is superior statistically according to stan-
dard Likelihood Ratio tests, however neither of the IS models happens to do a good
job predicting recessionary or low-growth states. Both Figures 2.23 and 2.24 predict
a low-growth state in 2001, that is not captured by the BBQ algorithm. Also of
note, the period prior to the Great Moderation appears to have little ability to select
turning points in the data. It would appear that none of these parametric models
are really able to fit the turning points that are selected using the BBQ algorithm.
The problems pointed out during the linear estimation phase may play a much more
important role in the Australian model, including the possibility that there was an
AR switch at some point. The low-volatility state in Australia has a higher separation
in the average high- and low-growth states. As seen in Figures 2.23 and 2.24 it is
possible the MS model is only appropriate following the Great Moderation. Taking
a closer look at the simulations that these models produce will yield yet more insight

as to how these economies should be modeled.

2.6 Simulation Procedures

The parameters that are estimated during the previous sections, are used to simulate
data to compare to the original GDP data for each country. Each simulation is
estimated assuming there is no parameter uncertainty for any model. Errors are
assumed to be distributed normally using the estimated standard deviations from the
estimation phase. Alternative estimates using bootstrapped residuals yeilded similar
results are not reported here. All simulations are produced to have the same number
of observations that exist in the underlying data. Every model is simulated 5,000

times, and then compared to the original data as well as simulations produced by other
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models. Table 2.5 shows the various simulation experiments conducted. For the linear
models with a structural break in volatility, additional simulations are conducted with
modifications to volatility. Models 3 - 6 test variations of the linear model, where the
volatility is held constant at the first (and second) period level for the entire time
period. For the U.S. this amounts to running a 61-year simulation with high (and
low) volatility, when in fact only 37 years were high volatility. Additional simulations
were conducted where volatility switches at the date predicted by the Wald tests
performed in Tables 2.1 - 2.3. A final counter-factual linear simulation is conducted
where the high volatility is in place for the shorter timespan (“SD Reversing”). The
reversing volatility estimates, would help to show if the ARIMA(1,1,0) models would
produce appreciably different simulations if low-volatility were to persist for several
more years. Model 5, with switching volatility at the date of the Great Moderation,
is the model that should be used as the primary comparison to the MS simulations.
Model 2, a simple linear model, is typically compared to the MS approach in other
studies. The six MS models estimated for each country are simulated here. Models
11 and 12 are the IS models that tend to fit the data the best for each country.
Unlike studies by CPQ, KMP, and M&P, the MS volatility switching is allowed to
occur according to a random draw rather than by using a dummy variable fixing the

volatility switch at a preassigned date.

2.6.1 Q-Test and Kolmogorov-Smirnov Test Statistics

After each of the Monte Carlo paths are simulated, summary statistics are calculated
using the dating algorithms and stored for each run. The simulation statistics are
then collected into empirical distributions to compare the values of the stylized facts

to the distribution of simulation statistics. Reference characteristics are calculated
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using the same algorithm used to measure the simulations. This method is a departure
from previous papers such as CPQ who test algorithm measured features against the
NBER averages, or M&P who use an optimized algorithm. In addition to examining
the empirical distribution functions from the simulated data, statistical tests are
performed to see if the simulated data is a reasonable approximation to the actual
underlying series. In many of the simulated series, no turning points are detected
over the entire length of the data. These simulations are simply dropped from the
analysis. For the most part, the analysis does not change if these zeros are included.
Unreported empirical distributions show similar conclusions to the ones reported here.

As noted by Hess and Iwata (1997), the joint distribution of the business cycle
features is unknown. Using a generalized Q-statistic allows us to test the features
of the simulated distributions with the underlying distributions. The generalized
Q-statistic was used by Hess and Iwata (1997) and Simkins (1994) when studying
business cycle characteristics like those studied here. Cogley and Nason (1995) also
used QQ-statistics to test the lags of impulse response functions and autocorrelation

functions of simulated data. The Q-statistic used here takes the form:

Q= (B - B)Vs(B - B) (2.13)
Vp=N"" Xn:(Bk — B)(B, — BY (2.14)
B=N"! i By (2.15)

where B represents a vector of business cycle characteristics estimated from the simu-
lated data, while B represents the same average features listed at the bottom of Table

1.2 for each country. The value of Vj is the covariance matrix of the characteristics
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being tested, and is estimated using Equation 2.14. Each value of By represents the
average for the feature of the business cycle from the k' simulation. Thus the Q-
statistic is essentially examining the aggregate distance of simulations features away
from the features underlying the estimation. The test statistic is distributed approxi-
mately x?(n) with degrees of freedom n equal to the number of business cycle features
being tested. Hess and Iwata (1997) note that the Q-statistic might be unreliable as
it assumes the distribution of B is asymptotically normal.

In addition to the Q-statistics, empirical distributions are examined relative to the
values of the underlying data series features. For each of the features measured here
a 90% confidence interval is examined. If the actual value is in either the upper or
lower 5% tail of the empirical distribution, the simulated feature is deemed to not fit.
Clements and Krolzig (2004) note that empirical distributions with high variability
will have a high probability of capturing the true value of the distribution. Thus, flat
empricial probability distributions may lead to decieving Q-statistics. The empirical
distribution statistics can also be useful if one were inclined to use the NBER averages
rather than the BBQ averages. If these NBER figures fall into the 90% distribution
as well, one could then conclude that the empirical distributions were not appreciably
different.

In order to compare the models against one another, Kolmogorov-Smirnov (“KS”)
test statistics are conducted for each feature. Hess and Iwata (1997) only test for con-
traction and expansion features, and note that KS-tests are typically too conservative
in nature. The major drawback of the KS-test is that it can only test one type of
feature at a given time, rather than a joint test. However, the KS-test is particularly
useful when comparing one simulated model against another. The KS-tests are setup

such that F,,(z) is the empirical distribution and H,(x) is the cumulative density func-
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tion for any particular feature from another model. Each feature can be tested to see
if they are likely from the same distribution. The statistic D™ = sup,(F,(x) — H,(z))
is used to determine if F, () is significantly different from H,(z). In almost all cases,
the simulations report statistically different distributions for features. However, these

tests and figures can easily display the differences between two simulations.

2.6.2 Simulation Results

Tables 2.6 - 2.8 show for each country, the ability for a given model to simulate the
specified features of actual GDP. The columns show separate tests for the ability to
jointly estimate certain features of the model. The first column shows a test of all
eight features of the model simultaneously. The eight features are duration, ampli-
tude, contraction, and excess, testing for both expansions and contractions. Columns
2 and 3 test recession and expansion features. Pairs of features are also tested jointly
in columns 4 through 7. For each feature, the expansion and contraction simula-
tion characteristics are tested. Thus, these tests can see if a model can successfully
simulate both expansion and contraction features of the data such as both duration
measures as measured using the BBQ algorithm. The last two columns of Tables 2.6
- 2.8 show a pair of tests on the business cycle features of “duration and amplitudes”
and “cumulative and excess” together. The final two columns test for four charac-
teristics jointly. For example, “durations and amplitudes” tests both the duration
and amplitude measures jointly for recessions and expansions. The “cumulative and
excess” category is a basic test for the ability to simulate the asymmetric features of
the underlying data. In Tables 2.6 - 2.8 a value of zero or close to zero indicates that
the characteristics from the simulation are statistically different than the underlying

feature. Values greater than 0.10 fail to reject a difference in the the simulations and
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underlying features from Table 1.2.

Table 2.6 shows that the only models that successfully mimic all characteristics of
the underlying U.S. GDP data are produced using simple structural-change in volatil-
ity models and the independent switching version of the MS model. The MS-IS-NoAR
and AR models for the U.S. successfully fit all characteristics of the underlying data.
However, recalling the fact that the AR coefficient is insignificant in the estimation
phase helps to justify the use of the MS-IS-NoAR model. Both the TS and CV ver-
sions of the MS model perform very poorly, but notably do a decent job replicating
recessionary characteristics. Only the simplest MS-IS models are able to simulate
recessionary features with any accuracy. It can be seen clearly here that linear fea-
tures do not help improve the fit of any of the MS models for the United States. The
structural-change models for the U.S. create reasonable fitting simulations, but are
notably close to creating significantly different measures of excess relative to the un-
derlying data. The linear Great Moderation model (“SD Switching”), performs well
enough that it is difficult to rule this model out. These tests of the U.S. simulations
are evidence that the Great Moderation must be properly accounted for in estimation,
either using an MS model or by using a structural-change in volatility model. The
simple homoskedastic linear specification is not able to match many of the stylized
facts, and performs significantly worse than the structural-change model.

Tables 2.9 and 2.10 present statistics from the empirical distributions for the the
linear and MS models respectively. For each country, the actual values for character-
istics are reported in the first column, and the average of the simulations is presented
for each model. The average value for each stylized fact for both contractionary and
expansionary features are then compared to the empirical distributions by calculat-

ing the percentile of observed simulation statistics that are less than the value for the



71

stylized fact. Bold percentages are those where the actual stylized fact falls in the
center 90% of the empirical distribution. For example, in Table 2.10, under the CV-
NoAR header, for peak-to-trough (P—T) durations, the average length of a recession
in simulation was 3.92 quarters, and the stylized fact value of 2.889 falls into the 3rd
percentile of the empirical distribution. This implies that the CV-NoAR model for
the U.S. is unable to create recessions that are short enough to match the stylized
facts. Ideally we would like to see values of 50% for each of the empirical distribu-
tions, meaning that the simulations produce a given stylized feature in one-half of all
simulations. However, in trying to narrow down the best model for estimation it is
worth knowing which models are able to replicate business cycle features with some
frequency.

In support of the Q-tests shown in Table 2.6, empirical distributions in Table
2.9 display that the linear and switching models have modest success replicating the
underlying cyclical features in U.S. GDP. However, as many others have found, linear
models have tremendous difficulty estimating the asymmetry present in U.S. business
cycle data, as seen in the CV-NoAR model where the T—P empirical distribution fails
to emulate anything as large as the stylized excess measure in 100% of simulations.
The IS-NoAR model in Table 2.10 for the U.S. is able to match asymmetric features
providing some evidence that the “bounceback” model promoted by KMP has merit
as it is specifically designed to capture this feature. Also, Table 2.10 shows that
the independent switching variance models are excellent at simulating the actual
business cycle features. Each of the MS models that are not IS volatility have trouble
replicating the expansionary features of data. This reveals the importance of testing
these models for both expansionary and contractionary features.

For the U.K., linear models have mixed success. Shown in Table 2.7, both the
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switching and reversing volatility models are able to replicate most expansionary
features of the business cycle, however no linear model is able to capture all the
recessionary characteristics. Tables 2.9 and 2.10 show that no linear or non-linear
model is able to match all business cycle features individually in the U.K. simulations.
The MS-IS-NoAR model previously shown to be a good simulator in Q-tests, fails to
replicate the amplitude and cumulation features of cyclical contractions in at least
5% of simulations. The tendency for the MS models for the U.K. is to underestimate
the depth or magnitude of recessions. Similar to the findings for the U.S., the TS and
IS models are able to replicate most features. However, none of the MS models are
able to capture all the features that are studied here. For the U.K. the TS model is
able to replicate the contractionary features, but fails to replicate expansion features.
The IS model performs better in the expansionary periods, but like the linear models
predicts recessions that are too short and shallow. In the U.K. the tied-switching
model appears to be the best representation of the data. As was previously mentioned,
further study with shifts in the AR parameter might be in order. These results provide
further evidence that one cannot only examine expansionary characteristics, and must
consider the expansionary characteristics as well.

Tests of Australian simulations reveals results very different than those seen in
the U.S. and U.K. data. Table 2.8 shows random walk and structural-change models
are able to simulate all of the features of the data. Australia is the only one of the
three countries studied where a pure linear model is able to replicate all business
cycle features jointly. Linear models with shifting volatility are also able to replicate
all business cycle features. Additionally, the independent volatility switching model
(MS-IS-NoAR) is also able to replicate almost all business cycle features for Australia.

This is substantial evidence that an MS model might be able to replicate underlying
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business cycle features for Australia. For Australia, the models previously shown to
simulate the data well jointly, are also very good at replicating individual features.
In fact, four of the linear models, including a random walk, are able to outperform all
but one of the MS Models that were estimated. As seen in Table 2.10, the I[S-NoAR
is the only MS model capable of fitting all business cycle features. The inclusion of
an AR term appears to hurt the ability of the IS model when simulating data.

In summary, the estimation and simulation results for the U.S. lead us to select
the MS-IS-NoAR model as the preferred model. Parametric measures of fit, while
not definitive due to non-standard test statistics, lead us to believe that the MS-IS-
NoAR model is a very parsimonious model that fits the data very well. Also, the state
probability plots provide evidence that the MS-IS-NoAR model is able to select the
correct recessionary periods in both high- and low-volatility periods given only GDP
data. Finally, the MS-IS-NoAR simulated data are able to mimic nearly all of the
business cycle features seen in actual U.S. GDP data. Overwhelmingly, the results
here for the U.S. lead us to believe that a homoskedastic or tied-switching model is an
inadequate representation of the economy. In order to reach this conclusion, it should
be noted that the structural-change in volatility is the proper model for comparison
and not a plain linear model.

For the U.K., parametric models lean towards selecting the MS-IS-NoAR model,
as do probability plots and Q-test statistics. However, the empirical distributions for
the U.K. show evidence that the MS-IS-NoAR model does not reproduce recessions
that capture the depth of actual recessions. These findings lead us to believe that the
MS-IS-NoAR specification might be a good starting point for augmenting a model
designed to capture the larger downturns seen in U.K. data.

Australian parametric tests support the MS-IS-NoAR model. However, Q-tests of
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simulated data for Australian models fails to rule out linear or structural-change in
volatility specifications. Probability plots show that the IS-NoAR models are unable
to pinpoint recessionary periods until the period of the Great Moderation. If we were
relying on these probability plots to select a model, the CV-AR(1) specification would
appear to be a better match to the recessionary periods signaled by the standard BBQ
algorithm. It is not clear after these tests that there is a model for Australia that

would be unanimously preferred.

2.6.3 Comparing Different Models

Within each country, Kolmogorov-Smirnov tests compare individual model features
to determine if they statistically predict different distributions. For the U.S. the
volatility switching ARIMA model performs as well as both MS models in matching
simulation characteristics. Kolmogorov-Smirnov tests show that the ARIMA model
with a break in volatility (SD Switching) predicts very similar recessionary character-
istics as the MS model with independent switching (IS-NoAR) as shown in Appendix
Figure A-1.14 Comparison of the expansionary features for the U.S. between the SD
Switching and IS-NoAR models show that the ARIMA model predicts significantly
shorter average expansions and more linear contractions. In general, by examining
Tables 2.9 and 2.10 it can be seen that the ARIMA model has much closer predic-
tions to the “true” characteristics determined by the BB(Q algorithm. Examining
the lower right panel of Appendix Table A-2 shows that the MS-IS-NoAR model has
much wider dispersion of the excess feature, implying that it is able to create excess

in many simulations. If, as expected, the U.S. recession that began in 2007Q4 lasts

14 Al KS-tests are estimating significant differences at the 10% level in a two-sided test. The KS
statistics are not reported here, but are available upon request.
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for approximately two years (8 quarters), then the stylized facts for average length
and depth of recessions would increase. However, if we offset this increase with the
short 2001 recession which was not detected by the algorithm, it is likely that the
average recessionary features would not change appreciably. Increased values for the
average recession length would serve to increase the fit of the simulations from the
SD switching and IS-NoAR models relative to the current simulation. Likewise, ex-
pansionary features are slightly overstated in the stylized facts since the most recent
expansion as detected by the BBQ algorithm is overstated to a large degree.

Similar distributional KS-tests are performed for the U.K. and Australia. In the
U.K. and Australia the empirical distributions for recessionary features of IS models
show that linear structures lead to longer and deeper predicted recessions and shorter
and less extreme expansionary periods. The KS-tests show that the IS variance
switching model does add to the predicted expansion and recession durations relative

to the SD switching model.

2.6.4 Autocorrelation & Jump and Rest Tests

A final test was performed for each country, examining the autocorrelations created
by the simulations themselves. In support of the jump-and-rest theory of business
cycles, the MS models without linear features are able to simulate data for the U.S.
that has a positive and significant autocorrelation of 0.2336 on average. A positive
autocorrelation for the U.S. is in agreement with CPQ who find that these models
which have no persistence built in are able to create data that has a positive au-
tocorrelation. For the U.K., a positive 0.1074 autocorrelation was predicted by the
MS-IS-NoAR model. Australian simulations of the same non-linear model were able

to produce autocorrelations of 0.510, which were typically highly significant. For the
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U.K. and Australia, the presence of a positive autocorrelation is not supportive of
the observed data. This mixed evidence provides skepticism on the jump-and-rest na-
ture of business cycles across economies using MS models with independent switching
behavior.

Tests for the autocorrelation after accounting for recessionary periods as in Equa-
tion (2.2) show that if growth is regressed on a constant, and lag there is a positive
0.3367 lag coefficient. By including the NBER recession dummy variable as in CPQ),
the autocorrelation falls to an insignificant 0.101. The same regression run on a BBQ
recessionary state dummy variable yields a significant autocorrelation coefficient of
0.1548 with a t-statistic of 2.804. The estimated autocorrelation using the BBQ model
recessionary states is much closer to insignificant, but cannot fully control for growth.
Camacho and Perez-Quiros (2006) used the BBQ algorithm in a similar regression of
U.S. 1980 - 2004 data finding that the autocorrelation was insignificant at the 10%
level. Using the MS-IS-NoAR model, a “recession” dummy variable was created where
the state predictions from the smoothed probability of a low-mean state exceeded 0.5.
The MS-IS-NoAR turning points predicted an insignificant 0.0792 autocorrelation co-
efficient. This provides some additional evidence that the MS model with independent
switching and no linear structure is able to show that U.S. growth behaves according
to the jump-and-rest hypothesis of CPQ. For each of the recession dummy variable
regressions run here for each country p-values from Ljung-Box and Durbin-Watson
tests of the residuals rejected the hypothesis of autocorrelation. These results provide
evidence that MS models are able better to predict NBER turning points properly
even though the states are not fully coincident.

Autocorrelation tests of regressions of U.K. growth on a constant and lag yield
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an insignificant AR coefficient of -0.055.1> Recessionary states for the U.K. were
selected using both the BBQ algorithm and the periods where the MS-IS-NoAR, low-
mean growth probability exceeded 0.5. In each case, the regression of growth on
a constant, lag, and recession dummy yielded a significant value of -0.22. A final
test was conducted using recessions declared according to the state predictions of the
MS-CV-AR(1) model the lag term coefficient is found to be negative and significant.

For Australia autocorrelation tests of growth on a constant and lag estimates an
insignificant lag coefficient of -0.0435. When recession dummy variables are created
using the BBQ algorithm or MS-IS-NoAR states, a negative and significant coefficient
of -0.19 is estimated. When recessionary states are determined using the CV-AR(1)
model the autocorrelation coefficient is estimated as a negative and significant -0.1402.
These results for the U.K. and Australia provide some evidence that there is not jump-
and-rest behavior in those economies. There is no NBER to determine business cycle
turning points for the U.K. and Australia, whose methods might be able to more
accurately detect the actual turning points in the economy. While it is apparent
that each of these countries experienced a Great Moderation, they all appear to need
significantly different models to capture their business cycle features and make more

accurate predictions.

2.7 Conclusion

If the Great Moderation is ending, then researchers must rethink many of the causes
for more moderate volatility in the first place. Theories of the Great Moderation that

relied on technology increasing the ability for firms to better predict the future and

15Note that these values differ from Table 2.2 as they are estimated using OLS rather than GMM
with two equations.
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adjust their inventories more accurately might be misleading, considering that this
technology has not disappeared. In all likelihood, the results presented here lend more
evidence to the good luck hypothesis, as monetary policy has not changed it’s focus
substantially prior to the new period of increased volatility. Other theories of the
Great Moderation like financial innovation and global integration leading to reduced
risk appear to be at odds with the evidence shown here.

Substantial new evidence presented here displays that the Markov-switching model
for business cycles is a very good tool for predicting the states of the economy, pro-
vided that the growth state and volatility state are free to move independently of one
another. The tied-switching model that is used by many should be avoided in practice
if the goal of the model is to predict business cycles in GDP. Further evidence shows
that MS models are not generally improved through the inclusion of a linear structure.
This evidence shows that linear structures within any MS model should be carefully
considered if the goal is replication of business cycle characteristics. Statistically,
models that contain linear structures and/or tied switching features are acceptable,
and sometimes preferable. However, these same models fail at replicating business
cycles in the underlying data in many regards. These same TS models are unable to
make useful recessionary state predictions as their performance is dominated by the
presence of the Great Moderation.

This paper also provides evidence that the MS model is comparable to the NBER
business cycle turning points for U.S. GDP. By employing the predicted recession-
ary states as dummy variables in simple growth regressions for the U.S., it is found
that the autoregressive coefficient on output growth becomes insignificant. These re-
sults support the notion that U.S. growth is best modeled using a Markov-switching

approach with independent switching volatility and no linear structure, behaving ac-
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cording to the jump-and-rest pattern described by Camacho and Perez-Quiros (2007).
Additionally, it is shown that U.K. and Australian output growth does not appear to
exhibit the jump-and-rest feature. These findings are important evidence that shocks
and recessions have vastly different effects in different economies. The varying models
preferred across countries might explain why the synchronization of business cycles
has been difficult to pin down.

The MS model is not without its drawbacks however. For each country, a structural-
change in volatility model accounting for the Great Moderation preforms reasonably
well when simulating business cycle features. Thus, it can be concluded that the ap-
propriate comparison for any MS model is a linear model that includes heteroskedas-
ticity. To date studies testing the parametric fit of MS models including heteroskedas-
ticity have supported the use of their models by making their comparisons to linear
models that we have shown to have very poor predictive power. Additionally, the
U.K. and Australian business cycles are not easily simulated using the MS approach.
Empirical distributions show that a MS model including a “bounceback” component
might be appropriate to model growth patterns, but that volatility must be allowed to
switch independent of the mean growth rate. The fact that structural-change models
perform as well or better than the M'S model in Australia leaves the door open for lin-
ear models to have an appropriate place in business cycle research. Regardless, one
should be careful to examine both expansionary and contractionary features when
trying to decide which model is appropriate for a certain economy.

If more evidence can be shown that the business cycles behave according to a
jump-and-rest pattern, it will be necessary to have a better understanding on why
MS models explain the autocorrelation in the GDP growth. Additionally, it is neces-

sary to improve upon the method of measuring business patterns with an algorithm.
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The methods that are currently used to determine business cycle turning points using
an algorithm are sub-optimal, and may cause some models to be falsely rejected. Ul-
timately, the Markov-switching model, when used in conjunction with current simple
business cycle algorithms help select models that are able to account for most business

cycle characteristics.



Table 2.1: Estimated Rates of Growth and Volatility for the U.S.

GMM Models

Test for Additional Breaks

Random Walk No Break Volatility Break Period 1 Period 2
M @ ©) @ ©)
Constant 0.8095 0.5354 0.5118 0.5701 0.5304
(P-values in Parentheses) (0.062) (0.000) (0.000) (0.000) (0.000)
AR(1) 0.3256 0.3226 0.3343 0.2555
(0.000) (0.000) (0.000) (0.007)
Std. Deviation (Pre-Break) 0.9620 0.8280 1.0996 1.0137 0.2732
(0.000) (0.000) (0.000) (0.000) (0.000)
Std. Deviation (Post-Break) 0.4781 1.2740 0.4949
(0.000) (0.000) (0.000)
Wald Test Values
Sup 60.5030 3.7424 18.4382
(0.000) (0.738) (0.002)
Ave 26.5158 0.5626 4.9563
(0.000) (0.798) (0.008)
Exp 18.7328 0.8789 1.1212
(0.000) (0.825) (0.695)
J-Statistic 2.2073 1.6968 1.9789
Break Dates
Wald Statistic 1984Q1 1978Q1 1987Q3

Values are calculated for these parameters when allowing for breaks in the specific parameter. Parameter values
are those from the most likely occurring break date. The first reported value for each parameter when

allowing for breaks, such as the mean, represents the mean before the break. The second reported value for each
parameter when allowing for breaks estimates the value after the break.

*Wald tests here signify a test of the restriction rather than a test for the break date. The parameter values

are those from the estimated break date supported by the model.

Column (1) represents a random walk model of growth, and estimates the standard deviation of the residual values.
Column (2) estimates a basic ARIMA(1,1,0) model of output using GMM Equations (1) and (2) with no break.
Column (3) estimates an ARIMA(1,1,0) model of output with parameter breaks std. deviation.

Columns (4) and (5) estimate the same model as column (3) for the sub-periods defined by the

breaks in (3).

Table 2.2: Estimated Rates of Growth and Volatility for the U.K.

GMM Models

Test for Additional Breaks

Random Walk No Break Volatility Break Period 1 Period 2
©) ©) ) @ ©)]
Constant 0.6012 0.6236 0.6436 0.6129 0.1833
(P-values in Parentheses) (0.067) (0.000) (0.000) (0.000) (0.117)
AR(1) -0.0312 -0.0265 -0.1034 0.7027
(0.712) (0.754) (0.189) (0.000)
Std. Deviation (Pre-Break) 0.9730 0.8393 1.0565 1.1981 0.2800
(0.000) (0.000) (0.000) (0.000) (0.000)
Std. Deviation (Post-Break) 0.3779 0.7784 0.3785
(0.000) (0.000) (0.000)
Wald Test Values
Sup 42.4025 9.4951 2.4822
(0.000) (0.106) (0.866)
Ave 18.0907 2.5466 0.5272
(0.000) (0.099) (0.774)
Exp 19.5112 2.4278 0.9473
(0.000) (0.278) (0.753)
J-Statistic 1.9908 0.3729 4.5696
Break Dates
Wald Statistic 1992Q2 1981Q2 2000Q4

Values are calculated for these parameters when allowing for breaks in the specific parameter. Parameter values
are those from the most likely occurring break date. The first reported value for each parameter when

allowing for breaks, such as the mean, represents the mean before the break. The second reported value for each
parameter when allowing for breaks estimates the value after the break.

*Wald tests here signify a test of the restriction rather than a test for the break date. The parameter values

are those from the estimated break date supported by the model.

Column (1) represents a random walk model of growth, and estimates the standard deviation of the residual values.
Column (2) estimates a basic ARIMA(1,1,0) model of output using GMM Equations (1) and (2) with no break.
Column (3) estimates an ARIMA(1,1,0) model of output with parameter breaks std. deviation.

Columns (4) and (5) estimate the same model as column (3) for the sub-periods defined by the

breaks in (3).



Table 2.3: Estimated Rates of Growth and Volatility for Australia

GMM Models

Test for Additional Breaks

Random Walk No Break Volatility Break Period 1 Period 2
) @ ©) @ ©)
Constant 0.8849 0.9036 0.8600 0.9988 0.4442
(P-values in Parentheses) (0.081) (0.000) (0.000) (0.000) (0.000)
AR(1) -0.0315 -0.0172 -0.1022 0.3949
(0.746) (0.860) (0.331) (0.000)
Std. Deviation (Pre-Break) 1.2814 0.9954 1.3994 1.5279 0.6978
(0.000) (0.000) (0.000) (0.000) (0.000)
Std. Deviation (Post-Break) 0.6111 1.2342 0.2974
(0.000) (0.000) (0.000)
Wald Test Values
Sup 67.4453 4.6710 50.1581
(0.000) (0.542) (0.000)
Ave 29.4845 0.9859 21.6972
(0.000) (0.507) (0.000)
Exp 32.1355 1.6130 13.0583
(0.001) (0.502) (0.000)
J-Statistic 2.6291 2.4596 4.2680
Break Dates
‘Wald Statistic 1985Q2 1975Q4 2004Q1

Values are calculated for these parameters when allowing for breaks in the specific parameter. Parameter values
are those from the most likely occurring break date. The first reported value for each parameter when

allowing for breaks, such as the mean, represents the mean before the break. The second reported value for each
parameter when allowing for breaks estimates the value after the break.
*Wald tests here signify a test of the restriction rather than a test for the break date. The parameter values
are those from the estimated break date supported by the model.

Column (1) represents a random walk model of growth, and estimates the standard deviation of the residual values.

Column (2) estimates a basic ARIMA(1,1,0) model of output using GMM Equations (1) and (2) with no break.
Column (3) estimates an ARIMA(1,1,0) model of output with parameter breaks std. deviation.
Columns (4) and (5) estimate the same model as column (3) for the sub-periods defined by the

breaks in (3).
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Table 2.11: Estimated Values for Regressions Including Recession Dummy Variables

Recession Dummy Variable

U.S. NBER IS-NoAR BBQ None
AR(1) Coefficient 0.101 0.0792 0.1548  0.3367
S.E. 0.0615 0.0547 0.0552  0.0606
Box-Ljung (p-value) 0.3252 0.7586 0.4438  0.3195
Durbin-Watson 1.9489 1.904 1.8789  2.0458
UK. IS-NoAR* CV-AR(1)® BBQ  None
AR(1) Coefficient -0.2227 -0.1431 -0.2266 -0.0548
S.E. 0.0605 0.068 0.0615  0.0693
Box-Ljung (p-value) 0.7444 0.5593 0.5609  0.152
Durbin-Watson 1.9477 1.9508 1.9936  1.9508
Australia CV-AR(1)* IS-NoAR® BBQ None
AR(1) Coefficient -0.1402 -0.1958 -0.191  -0.0435
S.E. 0.0688 0.068 0.065 0.072
Box-Ljung (p-value) 0.226 0.1235 0.1056  0.0655
Durbin-Watson 2.0726 2.0409 2.043 1.996

¢ Probability of being in low-mean state.
b Probability of being in low-mean state.
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Figure 2.1: U.S. Wald Sup Tests for a Single Break
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Figure 2.3: U.S. Wald Sup Tests for Period After Break
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Figure 2.4: U.K. Wald Sup Tests for a Single Break
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Figure 2.7: Australia Wald Sup Tests for a Single Break
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Figure 2.14: U.S. Markov-Switching Model with Independent Switching Variance
and No AR(1) Term: Probabilities of Being in Low-Mean State and Low-Volatility
State
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Figure 2.18: U.K. Markov-Switching Model with Independent Switching Variance
and No AR(1) Term: Probabilities of Being in Low-Mean State and Low-Variance

State
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Chapter 3

Impacts of Changing BBQ)
Algorithm Parameters on Model

Selection

3.1 Introduction

The methods laid out in Chapter Two give us guidance on how to select a model
using parametric estimation and non-parametric tests via Monte Carlo simulation.
Generally, we found in Chapter Two that the MS-IS-NoAR model is the preferred
Markov-switching model for GDP growth for the U.S., U.K., and Australia. Linear
models that account for a structural change in volatility also perform well when trying
to recreate business cycle features for each of these countries. In this chapter we aim
to examine the robustness of non-parametric testing methods. Model selection is
determined here in a similar manner as Chapter Two where preference is given to

those models that are able to simulate output paths with features statistically close
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to the various stylized facts described by different algorithms.

3.2 Background on Business Cycle Algorithms

In Harding and Pagan (2003a) the desire to have a transparent business cycle dating
method is examined in detail. In referring to the BBQ algorithm that is laid out here,

13

Harding and Pagan state, “...the non-parametric approach seems to be a useful way
of constructing business cycle information. It is a very simple algorithm to apply and
is very transparent. It is highly robust in that the dates would not change as one
changed the sample of observations. It might not of course be robust to major changes
in the window width indexed by k.” where k is defined as the the number of forward
and backward looking quarters in the algorithm. This can be better understood by
noting that the algorithm defines a peak as a level which is higher than the previous
and subsequent k periods. Additionally, censoring methods are used to ensure that
endpoints are not problematic, peaks and troughs alternate, full cycles are at least
five quarters, and that more recent peaks are higher than older peaks. The purpose of
this chapter is to determine if the models that are preferred are robust to the choice
of k as a window width, and the choice of the full cycle length censor m.

Hamilton (2003) is highly critical of the methods of Harding and Pagan (2003a)
calling the BBQ algorithm “vague and intuitive” and a “liability rather than an asset.”
There are a few valid reasons that the BBQ algorithm is open to criticism. Harding
and Pagan (2002) note that Burns and Mitchell (1946) interpret a full cycle as having
to last between approximately 6 and 15 months, which is agreeable with either a four
or five quarter complete cycle. Thus, when Harding and Pagan (2002) note that the

BBQ algorithm misses the 1974 recession in the U.K., they use four quarters to define
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a complete cycle instead of five. This seemingly minor alteration does not impact the

! Harding and Pagan in fact appear

cycle statistics for either the U.S. or Australia.
to make a rather arbitrary and vague change so that their model is able to select all
pre-determined turning points.

In other work by Morley and Piger (2005) the authors use an optimized algorithm
that is designed to match the NBER dating methods more accurately. However, this
method does not offer any guidance as to what the algorithm should be calibrated
to in any country other than the U.S. or any data series other than GDP. Hess and
Iwata (1997) examine the difference between linear and non-linear business cycle
models using a much different algorithm. Hess and Iwata use a “running peak” to
select the turning points, and do not limit the time that GDP needs to fall below
the peak level. Thus, if GDP falls from a peak in time t to a lower level at quarter
t+ 1, and then returns to a higher level at ¢t + 2 relative to ¢, then a peak is declared
at time ¢ and a trough at ¢ + 1. What is most interesting about the work of Hess
and Iwata and Harding and Pagan (2002) is that both articles find that simple linear
models and MS models are the only specifications able to reliably recreate business
cycle features.

Notably, the 2001 business cycle peak in the U.S. is omitted from the cycle peaks
detected in Table 1.2. The standard BBQ algorithm fails to detect a business cycle
peak in 2001. A recent article by Leamer (2008) notes the peculiarities of the 2001
business cycle peak in much greater detail. Here we explore the possibility that
a different algorithm might be more appropriate. The failure to detect the mild
recessions that are experienced under the Great Moderation might be a fatal flaw of

using a dating algorithm to determine turning points in the level of GDP. The failure

'Harding and Pagan (2002) also study the U.S., U.K., and Australia.
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to capture business cycles that may be large declines in economic activity even if only
lasting a single quarter becomes a major problem for this algorithm and the models
employed here.

A major drawback to using any algorithm to detect turning points is that mea-
surements are only calculated for completed cycles. In the U.S. the standard BBQ
algorithm determines that the period between the last detected trough in 1990Q3 un-
til the 2008Q2 peak spanned 70 quarters. Until the most recent peak this very long
expansion was not used to calculate the average statistics reported at the bottom of
Table 1.2. Information available as of 2009Q1 indicates that the U.S. is in a recession-
ary state. Until this recession has ended according to the algorithm, the features of
the 2008 recession cannot be used to update the stylized facts for recession statistics.
For any country and simulation if the final incomplete cycle is appreciably different
from the previously estimated cyclical features the estimated facts for that path could
change a great deal. The cycle features simulated by a correctly specified model will
have increasing difficulty matching an increasingly irrelevant set of statistics since the
reference cycle will be calculating averages over two fundamentally different patterns.
In general, a historical bias exists in the stylized facts which tends to support more

historically aligned models, and not account for the most recent turning points.

3.3 Cyclical Features Under Alternative Algorithms

In order to examine the robustness of the window parameter k& for minimum phase
length, and the censoring length m for a complete cycle, we merge the techniques of
Hess and Iwata (1997) and Harding and Pagan (2002). By examining possible values

of k=1 or k = 2, and censoring cycles that are either m = 2, m = 4, m = 5 quarters
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in length, we are able to see if the choice of algorithm specification leads to choosing
a different model.?

The stylized facts will usually change when the parameters of the algorithm
change. as is displayed at the bottom of Tables 3.1 - 3.3. In the first two columns
of Table 3.1, the stylized facts and peaks of the U.S. business cycle when using the
standard BBQ) algorithm (k = 2 and m = 5) are the same as seen throughout Chapter
Two. As noted by Harding and Pagan (2002) the U.S. is not impacted by reducing the
cycle requirement from m = 5 to m = 4 in columns 3 and 4. The 2001 recession that
is missed by the standard algorithm, is missed due to the fact that the window (k) is
too wide and not because the censor (m) is too long. In columns 5 and 6, the window
is reduced to kK = 1 and the cycle length censor is set at m = 5. When shortening
the window from k = 2 to k = 1, two additional peaks are detected by the algorithm.
Notably, four new peaks are detected, and two that were previously detected are now
absent. The peaks of 1956Q2, 1970Q3, 1977Q3, and 2001Q2 are now picked up, while
the 1969Q3 and 1980Q1 peaks are missing. The reason that previous peaks are now
missing is due to censoring which ensures that peaks and troughs alternate. If we
ignored this censoring then it would be unclear how to measure a complete cycle.

In columns 7 and 8 of Table 3.1, the algorithm parameters are set such that
k =1 and m = 4, which allows the 1980Q3 peak to again be detected. This might
seem confusing since the 1980Q1 and 1981Q3 peaks are both detected in the first
two algorithms examined here. However, it should be recalled that a peak must
be followed by a trough, before a new peak can be detected. The trough following

the 1977Q3 peak occurs close enough to the peak to be removed by the censoring

2See page 11 for more detail on the definition of a turning point and the construction of the
algorithm.
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algorithm. Once the entire required cycle length is reduced, the trough isnot removed
by the censor and the previously detected peak in 1980Q3 returns. Columns 9 and
10 display an algorithm similar in spirit to the methods of Hess and Iwata who used
the running peak method of determining cycles. By setting £k = 1 and m = 2 it is
ensured that any time there is even a short downturn, a peak is detected. Likewise,
any time declining rates of output reverse and return positive growth, a trough is
declared. Using this very sensitive algorithm, 26 peaks are detected in the U.S. post-
war period.

While the sensitive algorithm in columns 9 and 10 gives substantially more peaks
than the NBER has declared, a representative business cycle model should be able
to mimic business cycle characteristics of many different lengths. As the restrictions
on the window width and censoring algorithm are reduced, the length and depth of
business cycle characteristics reduces dramatically. In comparison to the standard
algorithm, recessions using the most sensitive algorithm are estimated as lasting only
1.4 quarters versus 2.9 quarters. Expansions are only estimated to last about 8 quar-
ters (or 2 years) versus the 21.7 (or just under 5.5 years) using the standard algorithm.
The implication of using the more sensitive algorithm is that a representative business
cycle model should be able to create simulated data that contains short-term drops
in level, as well as longer term declines.

For the U.K., moving from the least sensitive algorithms (k = 2,m = 5) to one
using only a shorter window (£ = 1,m = 5) leads to an increase in the number of
detected and uncensored peaks from 7 to 16. When using £ = 1 and shortening
the complete cycle requirement censor from to m = 4, an additional two peaks are
detected. Using the least restrictive censor (k = 1,m = 2) there are 26 cycle peaks

observed in the U.K. data. Downturns using the least restrictive sensor are only 1.6
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quarters in length versus 4.2 quarters in the standard algorithm. FExpansions are
much shorter as well, lasting just 6.9 quarters versus 31 when using the standard
algorithm.

In the case of Australia, when using the standard algorithm, the average recession
is 3.6 quarters and the typical expansion is 16.5 quarters. By shifting to an algorithm
with a shorter phase window (k = 1, m = 5) the average recession length declines to
2.1 quarters, and an average expansion length of 9.2 quarters. Using the shortened
phase window and censor (k = 1,m = 4) yields 16 peaks with average contractions
of 2.1 quarters and expansions of 8.5 quarters. Using the least restrictive algorithm
(k =1, m = 2) reveals downturns lasting only 1.6 quarters on average and expansions
of only 6 quarters. The standard algorithm detects 7 peaks in the Australian GDP
series, and 22 peaks using the most liberal algorithm.

Examining the other business cycle measurements for each country shows that
moving to a less restrictive algorithm nets shallower contractions (expansions), with
less cumulative loss (gain), and more linear fluctuations. These changes are expected.
If a single quarter contraction is counted in the statistics, there is no option but
for a perfectly linear change. One could also examine the requirement for longer
recessions, where k > 2 or m > 5, but these algorithms tend to pass over entire series
in simulation without detecting a complete cycle. In the case of the k = 2,m =5
algorithm, entire simulated series are already missing complete cycles in many cases.
Series without cycles typically occur when using a low-volatility measure throughout
the entire series. In the case of the MS models, series are sometimes “stuck” by chance
in a low-volatility state throughout the simulation, and a complete cycle can not be
measured. Nearly all of the conclusions reached using the standard algorithm in

Chapter Two hold when including the zeros in the statistics. By examining these less
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restrictive algorithms, we can test the robustness of our conclusions more stringently.

3.4 Analysis of Algorithm Alternatives

In order to simplify the analysis of the different possible algorithm alternatives, we
will examine each country separately in further detail. The simulated data for each
of the models that we experiment with are the same as the simulations examined in
Chapter Two. Thus, the only difference between any of the results discussed here is

the use of a different algorithm to measure cyclical features and censor turning points.

3.4.1 U.S. Modeling Under Alternative Algorithms

Using the standard algorithm (k = 2,m = 5) displayed that the best model to
replicate the U.S. data was an MS-IS model without an AR(1) coefficient, and that it
performed comparably to an ARIMA-SV model where volatility was allowed to shift.
The Q-statistics from Table 2.6 show that the features that are created through Monte
Carlo simulation of the estimated models are not statistically different than those as
measured with the algorithm. Parametric measures of fit do not change for any of
these models, and the simulated data are identical to that used in Chapter Two.
Therefore discussions about parametric fit are left aside.

A simple change of the full cycle requirement from m = 5 to m = 4 does not
change the measured stylized facts as seen at the bottom of Table 3.1, but a number
of simulations very well might be impacted. Examination of Table 3.4 shows that the
results differ little from the standard algorithm results in Table 2.6. The MS-IS models
still fit the stylized features well, as do the ARIMA-SV models. No other models

appear to be any better at fitting the stylized facts. The empirical distributions in
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Tables 3.16 and 3.17 also show that the MS-IS models are able to fit all elements of
the stylized facts. As noted previously, the MS-IS-AR(1) model is able to simulate
all features examined here, but the parametric fit measures show the AR(1) term is
insignificant.

When the phase window is shortened from two quarters to one (k = 2to k = 1) and
the censor is set so a full cycle must be at least five quarters (m = 5) the results change
dramatically. Examining the Q-statistics in Table 3.7 shows that no model is able
to capture all the characteristics of the data. The MS-IS models are able to capture
recessionary features with some ability, however, the ability to replicate the updated
expansionary characteristics is lost. A closer look at the empirical distributions in
Table 3.18 reveals that linear ARIMA-SV models are still able to capture recessionary
characteristics. Table 3.19 shows that the MS-IS models are able to capture all but
the excess characteristics. The MS-IS models are also somewhat poor at estimating
expansionary characteristics with predictions that are too short and shallow.

The third alteration of the standard algorithm that we analyze is where k = 1
and m = 4, which allows shorter cycles to pass through the original data as well as
the simulations. It can be seen in Table 3.20 that no linear model is able to capture
more than four characteristics in the simulated data. Table 3.21 shows the MS-IS
models perform relatively well from a 90% confidence perspective, both of which are
able to capture 7 of 8 features, missing only the excess characteristic of expansions.
Table 3.10 presents evidence that the MS-IS-AR(1) model is able to simulate many
cyclical features that are observed using this algorithm in the original data. The MS-
IS-NoAR model creates cyclical features that are significantly different than those of
the underlying data. Considering the very poor fit of the MS-IS-NoAR to the excess

feature of expansions and marginal fit of recessionary amplitudes, it is possible that
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a bounceback MS model might be able to account for these features.

Finally, examining the least sensitive algorithm (k = 1 and m = 2) in Tables 3.22
and 3.23 shows that the ARIMA-SV and MS-IS models are able to simulate data
paths with features that very closely resemble those characteristics that are seen in
the original data. Table 3.13 corroborates the findings of the empirical distributions,
showing that the Q-tests fail to reject a difference between the features produced in
simulated data and actual data for the ARIMA-SV and MS-IS models.

Summarizing the findings by changing each of these algorithms provides significant
evidence that the simply specified MS-IS models are capable of replicating nearly
all cyclical features observed in the data when using both the standard and very
sensitive algorithm parameters. Furthermore, linear models containing a structural
change (ARIMA-SV) are also good at simulating features seen in the data using these
five different algorithms. These results present even more evidence against the use of
MS-CV, or MS-TS models which are able to replicate few of the features observed in

the U.S. data for any of these algorithms.

3.4.2 U.K. Modeling Under Alternative Algorithms

The only models able to replicate the cyclical features for the original U.K. data seen
in Table 2.7 using the standard algorithm, were an MS-IS-NoAR and a counter-factual
structural-change model (SD reversing). The SD reversing specification is designed
where the high volatility regime was in place for only 16 years rather than the 37
that the original model estimated. The MS-TS models measured using the standard
algorithm are close to being able to capture many features individually as shown in
Table 2.10 but are far enough off on most of the features, particularly expansionary

amplitudes, to reject the similarities to the actual data. Empirical distributions show
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in Tables 2.9 and 2.10 that no model is able to simulate paths that match all features
seen in the original U.K. data series.

When reducing the cycle censor to m = 4 from the standard algorithm, Tables 3.16
and reveals that linear models typically simulate recessions and expansions that are
too short and shallow. The MS-TS models for the U.K. are able to fit many features
individually as shown in 3.17. Table 3.5 shows that the MS-IS-NoAR model is still
able to simulate all features of the underlying data with the new algorithm, albeit
every p-value is closer towards rejecting the null of feature similarity at a significant
level. As in the case of the standard algorithm, the MS-TS models perform well at
projecting recessionary features, but poorly fit expansionary features.

Table 3.8 displays Q-statistics for the algorithm with a phase window k£ = 1 and
a cycle censor of m = 5. This algorithm gives reasonably good estimates for the U.K.
when using the MS-IS models. Examining the individual features when using this
algorithm reveals in Table 3.19 that the MS-IS-NoAR model empirical distributions
contain all features in a 90% confidence interval. No other linear or MS model is able
to replicate all features with this as much regularity as the MS-IS-NoAR model.

The k = 1,m = 4 algorithm produces similar results to the £ = 1,m = 5 al-
gorithm, only emphasizing the improvement of the MS-IS-NoAR estimates in Table
3.21. No linear model captures more than six features. This table also shows that
the CV and TS Markov-switching models predict expansions that are far too short.
The implication of having expansions that are too short is to estimate too many com-
plete cycles during a single time path. While this statistic is not explicitly calculated
here, these numbers imply that too many full cycles are being passed through the
algorithm. Q-test results in Table 3.11 reinforce the findings that the MS-IS model

is best able to simulate business cycles that are seen in the original data.
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Finally, Table 3.23 displays the empirical distribution for the MS models using a
k =1, m = 2 algorithm, showing that the IS-NoAR captures 7 of 8 features in a 90%
confidence interval. While the expansions predicted by this model are shallower on
average than the observed stylized facts, the model performs rather well. Table 3.14
provides further evidence that only the MS-IS models are able to simulate paths that
have features that are close to those of the underlying data.

Full examination of the models used to fit U.K. GDP growth reveals that simple
linear and structural-change models are not able to recreate business cycle charac-
teristics seen in the original data as the parameters of the algorithm change. These
results for the U.K. show that the MS-IS approach is able to replicate both short
cycle and standard cyclical features that are observed in the underlying data. The
models best at simulating cyclical characteristics of GDP in the U.K. are those that
include independent switching volatility. The more convenient constant variance and

MS-TS models are unable to replicate business cycle features using any algorithm.

3.4.3 Australia Modeling Under Alternative Algorithms

Recalling the Australian simulation statistics of Table 2.8 shows that several models
are able to replicate the observed business cycle features when using the standard
algorithm. Including the SD switching model, a random walk, and the MS-IS-NoAR
model a high volatility and the counter-factual SD reversing model are also able to
replicate all features. Tables 2.9 and 2.10 reinforce the findings from the Q-tests for
Australian simulations.

The first algorithm that is examined shortens the cycle censor from m = 5 to
m = 4 while leaving the phase window at k& = 2. The reduction in the cycle censor

helps to rule out a strict linear ARIMA model as seen in Tables 3.16 and 3.17. It
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can also be seen that the random walk model produces recessions that are too short
and shallow. Only the SD switching and SD reversing models are able to match all
eight features individually. The MS-IS-NoAR model is able to replicate all features
individually, and the Q-tests shown in Table 3.15 fail to reject the similarity between
the features of the simulations and original data.

Shortening the phase window to £ = 1 with a cycle censor of m = 5 provides
evidence in Table 3.18 that the random walk model is insufficient at simulating data
with similar recessionary features to Australian GDP. However, the SD switching and
reversing models are still able to create paths with similar features to the original
data. Table 3.9 presents Q-tests for this algorithm showing that the strict linear
model (GMM No Breaks) is not a good fit. The SD switching, SD reversing, and
high volatility models are all able to replicate all features in the aggregate test. It is
worth noting that the MS-IS-NoAR poorly fits expansionary features here, predicting
recoveries that are far too long according to this algorithm. The actual data shows a
downturn approximately every 2.25 years on average, while the MS-IS-NoAR model
predicts a downturn once about every 4.75 years on average.

The algorithm using k£ = 1, m = 4 shows that no model is really able to capture all
individual features in Tables 3.20 and 3.21. The high volatility, switching volatility,
and reversing volatility models are all on the borderline of the 90% confidence interval
with some feature. Similarly, marginal success can be seen by the MS-IS-NoAR model.
The MS-IS-NoAR model again predicts expansions that are longer than those that are
seen when passing the algorithm over the underlying data. However, when examining
the Q-tests in Table 3.12 the MS-IS-NoAR model is not rejected at even the 10% level,
which is also true for the SD switching model. While there are individual features

that are not well explained by these models, they are not rejected due to the structure
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of the Q-test which weights all features equally in the tests. Individual features that
are tested for the MS-IS-NoAR model are likely close enough to the center of the
recessionary statistics that they offset the loss in the contractionary states. It is also
possible that the spread of the features is not as large for the MS-IS-NoAR model
relative to the structural-change SD models, and therefore a smaller loss is calculated
into the test statistic.

Finally, the least restrictive k = 1, m = 2 algorithm is compared to the underlying
data. In Table 3.22 and 3.23 it can be seen that the SD switching and SD reversing
models are able to replicate many individual features. These structural-change models
perform well at fitting recovery features of Australian data using this algorithm.
The IS-NoAR model which performs fairly well when using other algorithms appears
to perform rather poorly on expansionary features. However, Table 3.15 provides
evidence that the MS-IS-NoAR model is successful at fitting all features of the data,
when the SD switching and reversing models are only able to capture features such

as amplitude, cumulation, and excess.

3.5 Conclusion

What is clear from testing the algorithm parameters for robustness is that there is not
clear evidence supporting any singular model. However, the structural-change model
(SD switching) and the MS-IS-NoAR specifications perform very well when changing
the parameters of the algorithm. These models are able to create paths that capture
both small and large recessions, and short and long expansions. Each of these models
has difficulty fitting the asymmetric features of excess and cumulation however which

are proxies for the linearity and slope going into and coming out of a trough or peak.
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Interesting examples arise from each of the three countries studied here. In the
U.S. the MS-IS-NoAR model creates time paths that have features resembling the
actual data features when using standard algorithms and also when the algorithm is
the least restrictive. Other algorithms are not so forgiving. Across the U.S. model
specifications, it is most apparent that the SD switching model is worth considering
when trying to determine if a Markov-switching approach is adding anything to the
analysis. The most obvious addition to using the MS approach is that we are able to
calculate predicted states of the economy from both a volatility and growth perspec-
tive. These robustness tests provide further evidence that the MS constant variance
and tied switching models are poor at fitting business cycle features.

The results of the U.K. analysis are clearer than for the U.S. or Australia. Here
there is only one model, the MS-IS-NoAR, that is able to replicate business cycle
features using any algorithm. These results present substantial evidence that the
U.K. economy can be modeled very well using an independent switching volatility
without a linear structure. Taking the shortcuts of constant or tied volatility will
not yield paths with features similar to the underlying data. From a parametric
standpoint, the MS-IS-NoAR model has the highest likelihood value in Table 2.4,
which may or may not be chosen as the best fit given the non-standard test statistics
for an additional nuisance parameter between the TS and IS model.

Paths simulated for Australia show that a linear or structural-change model should
be used if approaching the question using a standard algorithm. However, as less
restrictive algorithms are applied to the data and simulations, it appears as though
the MS-IS-NoAR model is best able to capture the features of the business cycle seen
in the underlying data. If additional statistics were included in the test statistics such

as the number of complete cycles, our tests might prove otherwise.
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Chapter 4

Summary of Findings

It is apparent throughout the simulation experiments performed in Chapter Two, and
the tests performed in Chapter Three, that one should not be using a simple linear
or random walk structure to justify using a Markov-switching model. Many authors
have modeled the business cycle using constant variance or tied variance approaches
to the MS model, but almost universally these authors justify their use by showing
how much better their estimations and simulations are relative to a simple linear
model. The Great Moderation has changed this. Now to replicate the business cycle
features of an economy, you must properly account for the shift in volatility that
occurred in the mid-1980’s and early-1990’s.

The robustness checks of Chapter Three show that using these algorithms has
substantial merit, as many authors have questioned their use. These results lay the
groundwork for future examination of the different types of cycles that are created
by different models. It should be clear from these robustness checks that the choice
of model is not necessarily dependent upon the parameters used for the algorithm

checking the data. In most cases the different algorithm parameters select the same
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model over and over again. In a few cases, algorithms do not find any preferred model.
This provides hope that some other model might be able to estimate and simulate
data that replicates all features of a data series regardless of the parameters of the
algorithm used to measure its success. Specifically it would be interesting to evaluate
a number of adapted MS models against one another, such as the bounceback model
proposed by Kim, Morley, and Piger (2005). It is also worth noting that researchers
should examine all features of the data that is being simulated, since many models
are unable to capture both recessionary and expansionary features.

In nearly all of the experiments performed here, the Markov-switching model with
independently switching mean and volatility is the preferred specification. The most
attractive feature of the MS-IS model is that we are able to account for the Great
Moderation, as well as the possibility that it is ending. The evidence presented in
Chapter Two shows substantial new evidence that the Great Moderation has ended
in the U.K., and possibly is coming to an end in the U.S. as well. If the Great
Moderation has come to a conclusion, many of the leading theories for its causes
should be reexamined. For example, if the primary cause of the Great Moderation was
better monetary policy, then what has caused this to suddenly change so dramatically.
If the cause has been the lack of large shocks over the past 25 years, why have larger
shocks all of a sudden returned. Each of these findings is important to understanding
the cause and impact of business cycles which have again taken a prominent role in

macroeconomic research.
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Appendix A

Testing and Estimation Procedures

It should be pointed out that statistical tests moving from a linear, to a linear model
with volatility break are tested here. However, tests moving from the linear model
with break to the MS model are not performed here. Hansen (1992) and Garcia (1998)
both cite valid inference of MS models versus linear alternatives using Likelihood
Ratio testing procedures. However, the test statistics and p-values must be calculated
for each model that is tested here. Creation of the LR test statistic faces a number
of difficulties cited by Hansen (1992) and Garcia (1998). The clearest hurdle to
overcome with regard to this study is noted by Carrasco (2002) who shows that tests
for a simple structural-change model are not valid if the correct model is that of a
threshold autoregression (TAR) or MS type. Carrasco (2002) notes that her results
do not necessarily extend easily to a model where the volatility is tested to switch in
the AR specification, or where the MS approach has a similar nuisance parameter.
Previous work by Kim, Morley, and Piger (2005) shows the computational barriers
to testing for the presence of Markov-switching over a null linear model with no

switching. Kim, Morley, and Piger (2005) are able to reject the null of a linear model
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in favor of the Markov-switching approach. However, they do not show any tests for
validity when moving from a MS model without switching variance, to a model with
an additional nuisance parameter. The creation of a separate test for each country
moving from the linear to MS models is not performed here, as it is beyond the scope
of this paper. This paper aims to display the statistical difference between simulated
data across models at fitting features of the business cycle. The statistical validity of
moving from a linear to a non-linear model is important, and is definitely in need of
further study.

Constant volatility and tied switching Markov-switching models are estimated us-
ing James Hamilton’s publicly provided numerical estimation methods at
http://weber.ucsd.edu/ jhamilto/software.html using OxGauss. Independent switch-
ing models are estimated using Maximo Camacho and Gabriel Perez-Quiros publicly
provided numerical estimation methods at

http://www.bepress.com/snde/volll /iss4/art3/ using OxGauss.
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Appendix B

Appendix Figures and Tables

The following tables are tests of the linear model specification chosen to be used for

the linear and structural-change models.
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Figure A-1: U.S. Empirical Distributions of Average Recession Characteristics
ARIMA-SV (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-2: U.S. Empirical Distributions of Average Expansion Characteristics

ARIMA-SV (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-3: U.S. Empirical Distributions of Average Recession Characteristics
MS-IS-AR(1) (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-4: U.S. Empirical Distributions of Average Expansion Characteristics
MS-IS-AR(1) (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-5: U.K. Empirical Distributions of Average Recession Characteristics

ARIMA-SV (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-6: U.K. Empirical Distributions of Average Expansion Characteristics
ARIMA-SV (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-7: U.K. Empirical Distributions of Average Recession Characteristics
MS-IS-AR(1) (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-8: U.K. Empirical Distributions of Average Expansion Characteristics
MS-IS-AR(1) (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-9: Australia Empirical Distributions of Average Recession Characteristics
ARIMA-SV (dashed line) vs. MS-IS-NoAR (solid line)
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Figure A-11: Australia Empirical Distributions of Average Recession Characteristics
MS-IS-AR(1) (dashed line) vs. MS-IS-NoAR (solid line)
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