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Abstract
We find that Okun’s law provides a simple and accurate means of understanding
and predicting changes in the unemployment rate in Australia. Okun’s law also
implies a rate of output growth consistent with stable unemployment, called the
growth of potential output. Our estimates of potential output growth are imprecise
and fluctuate over time. A recent estimate is a bit below 3 per cent a year, with a
+/– one standard error band covering the range 2¼ to 3¾ per cent. This is a
percentage point or two below estimates from before the mid 1990s.
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Okun’s Law and Potential Output
David Lancaster and Peter Tulip

1.

Introduction

‘Okun’s law’ refers to the strong correlation observed between the unemployment
rate and real gross domestic product (GDP). It holds in changes and in simple
transformations of the level. This paper uses Okun’s law to predict changes in
Australian unemployment. We also use Okun’s law to estimate the growth rate of
potential output as a time-varying parameter. We estimate that our definition of
potential output growth has fallen from around 5 per cent in the 1970s to 2.9 per
cent in 2015. An approximate 68 per cent confidence interval about the recent
estimate spans 2.2 to 3.7 per cent.
Since it was popularised by Okun (1962), the term ‘potential output’ has been
applied to a variety of different ideas. It can represent the permanent or smoothed
component of GDP; the level of output that would obtain if prices and wages were
flexible; the level of output at which resources are fully utilised; the level of output
at which inflation is stable; the level of output at which some other criterion (like
financial sustainability) is satisfied; and so on. Basu and Fernald (2009) and
Kiley (2013) discuss the relationship between various definitions. In this paper we
use a definition of potential output growth employed in the Okun’s law literature:
the rate of GDP growth at which the unemployment rate is stable. If the
unemployment rate proxies for the overall level of resource utilisation or for the
persistence of inflationary pressures, then our measure also indicates the rate of
GDP growth at which these concepts are stable. We discuss our definition in
Section 2.1.
It is not common for estimates of potential output to be formally evaluated.
Accordingly, it can be unclear whether they are useful relative to alternatives and
why they are designed the way they are. The lack of testing partly reflects the
abstract, multiple or unspecified objectives of these measures, all of which make
evaluation difficult. In contrast, we clearly specify the purpose of our measure, in a
manner that facilitates evaluation. Our measure of potential is intended to
(a) explain changes in unemployment when GDP is known, and (b) predict
changes in unemployment given predictions of GDP growth. We evaluate our
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measure on these criteria and show that it is useful. We also have broader
objectives, though these are harder to evaluate. Our estimates imply a rate of
longer-term GDP growth at which the unemployment rate is expected to be stable.
And if stability of the unemployment rate is a policy objective, our estimates
provide a benchmark for assessing GDP growth. Our understanding is that these
purposes – especially forecasting unemployment – encompass the main ways that
many central banks use estimates that they call ‘potential output’.1
As background, over 2014, Australian GDP grew by 2½ per cent, which the
Reserve Bank of Australia (RBA) (RBA 2015, p 64) described as ‘a bit below its
trend rate’. Comparisons like this are common in RBA publications, particularly in
discussions of the forecasts. Although several interpretations of this ‘trend’ are
possible, one consistent with our approach is that it reflects the rate of GDP growth
that normally would keep the unemployment rate constant. As discussed below, we
estimate that potential GDP was growing 2.9 per cent per year in 2014. Of course,
the assessments of the RBA reflect a wider range of information than the simple
model presented in this paper. Recently, for example, population data have also
been taken into account.
In addition to providing an estimate of ‘potential output growth’ (as defined
above), our paper explores the negative relationship between output and
unemployment, known as Okun’s law. Some of our key findings are:
• Okun’s law provides a useful description of changes in the Australian
unemployment rate over the past 50 years.
• Forecasts of changes in the unemployment rate based on Okun’s law are about
as accurate as RBA forecasts. In contrast to RBA forecasts, recent forecasts by
Okun’s law have been unbiased.
• The short-run relationship between output and the unemployment rate has been
stable over time.
1 Some estimates of the output gap have been motivated by a desire to forecast inflation.
However, conversations with inflation forecasters and our reading of the literature do not
indicate that output gap estimates provide useful information about the behaviour of inflation
beyond that contained in the unemployment gap. See, for example, Norman and
Richards (2010).
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• Allowing potential GDP growth to vary over time significantly improves
simpler versions of Okun’s law.
• The rate of GDP growth consistent with a stable unemployment rate has fallen
from around 5 per cent in the 1970s to around 2.9 per cent in 2015.
• Changes in the unemployment rate have become increasingly persistent over
time.
• Okun’s law is able to explain most of the asymmetry in unemployment rate
changes.
• Okun’s law holds in changes. We do not find that relationships in levels provide
information beyond that in changes.
• We do not find that estimates of the level or change in the NAIRU are helpful
for explaining or predicting changes in unemployment.

2.

Comparisons with Previous Research

2.1

Measures of Potential Output

A simple measure of potential output growth is the average rate of GDP growth. A
linear trend of the logarithm of GDP is very similar. One difficulty with these
measures is that average rates of GDP growth vary across time, and hence these
estimates will be sensitive to the sample period. For example, real GDP growth
averaged 5 per cent in the 1960s, around 3.2 per cent in the 1970s, 1980s and
1990s, but only 2.9 per cent since 2000. Assuming that more recent observations
are more relevant, this instability could be accommodated by using a shorter
moving average or a statistical filter, such as Hodrick-Prescott (henceforth HP).
However, these approaches have two important problems. First, they involve an
arbitrary judgement about either the length of the moving average or the degree of
smoothness in the HP trend. Second, as more weight is placed on recent outcomes,
the more will estimates of potential reflect temporary changes, such as the business
cycle and noise.
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A common motivation across most definitions of potential output is to remove
temporary variations. In our assessment, the most important temporary factor
associated with Australian GDP growth in recent decades has been changes in the
unemployment rate. Cyclical variations in unemployment are well known but
longer-term variations are also important. Unemployment averaged 8.8 per cent in
the 1990s and 5.4 per cent over the past 10 years. On the assumption that this
downward trend will not continue, the GDP growth that accompanied it is an overestimate of growth going forward. Accordingly, it is desirable to remove this effect
from an estimate of potential output growth.
A popular method for removing the effect of variations in unemployment is to
construct ‘production function’ estimates of potential output. The non-accelerating
inflation rate of unemployment (NAIRU) is typically estimated from a Phillips
curve regression. Then the NAIRU-consistent level of employment is combined
with separate contributions from capital and technology in a production function.
Examples of this approach include OECD (2015), which draws on Johansson
et al (2013); International Monetary Fund (2015), which draws on De Masi (1997)
and references therein; and de Brouwer (1998, Section 2.5).
In principle, the Phillips curve/production function approach makes it possible to
allow for other influences on potential GDP growth, such as expected demographic
changes. In practice, typical production function estimates model many
components as univariate processes, such as HP trends. So little extra information
is gained and information on other variables and covariances between the
components is lost. This approach makes potential GDP vary with the cycle,
particularly near end points. Furthermore, this approach incurs costs of complexity
and loss of transparency. We are not aware that these complications have been
shown to provide a useful benefit. Indeed, forecasts that employ this approach have
not performed well, as we discuss in Section 5.
Structural macroeconomic models provide several measures of potential output.
Perhaps the most prominent measure, typically associated with dynamic stochastic
general equilibrium models, is defined as GDP that is consistent with flexible
wages and prices (e.g. Basu and Fernald 2009; Vetlov et al 2011). One limitation
of such measures is that they are highly model-dependent. Changes to the
specification of the economy’s underlying structure can yield quite different
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estimates. Another limitation is that it is not clear that these measures satisfy other
purposes of potential output.
The Kalman filter is commonly used to distinguish between trends, cycles, noise
and other influences. Accordingly, it is an increasingly popular tool for estimating
the growth rate of potential output. See, for example, Fleischman and
Roberts (2011) and references therein. However, this research has typically
involved large systems that draw signals from many variables. We also use the
Kalman filter, but only draw signals from the unemployment rate, which makes
our approach simpler to estimate, interpret and evaluate.
To be clear, our measure is not designed to serve every purpose of estimates of
potential output. For example, we do not claim that it directly helps forecast
inflation or short-term movements in GDP. Nor do we see our measure as a
substitute for measures designed for these purposes. Different measures for
different purposes can coexist. It would be nice to have one measure that did
everything well, but that has yet to be found.
As noted above, potential output has been defined in many different ways. Those
accustomed to other measures may find our usage confusing. This difficulty is
regretted, but seems unavoidable if one is to be clear about what the term potential
output means. We view our definition as reasonable and informative: it is simple,
useful, standard in the literature on Okun’s law, consistent with Okun’s original
usage and consistent with the main way that central banks use the concept. That
said, little of substance depends on definitions. Were other measures to be in active
use, more precise terminology would probably be necessary.
2.2

Okun’s Law

Arthur Okun (1962) pointed out a negative relationship between unemployment
and output, which became known as ‘Okun’s law’. The ‘levels’ form of the
relationship can be written as:

U t − U * = θ (Yt − Y *)

(1)
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where U is the unemployment rate and Y is the logarithm of the level of real GDP.
Okun called U* ‘full employment’ and Y* ‘potential output’. There are many
estimates of relationships like this using Australian data, including Kalisch (1982),
Nguyen and Siriwardana (1988), Peters and Petridis (1988) and Ball, Leigh and
Loungani (2013). However, as we discuss in Section 6.2, we have not found
estimates of U* and Y* to have predictive power either within sample or out of
sample. Moreover, although measures of U* and Y* can be constructed so that
Equation (1) fits the data, ‘explanations’ that rely on unobservable variables
constructed after the event are not compelling.
Okun also pointed out that a similar relationship can be written in differences.

ΔU t = β ( ΔYt − µ )

(2)

where ∆U is the change in the unemployment rate, ∆Y is growth in log GDP
(typically represented in terms of annualised percentage changes) and µ is the rate
of GDP growth consistent with stable unemployment. Using quarterly US data
from 1947 to 1960, Okun estimated µ = 4 and β = –0.3.2 Under some assumptions
Equation (2) can be derived from Equation (1). However, we prefer to think of
Equation (2) as a separate and simpler way of modelling the data that avoids some
of the problems with Equation (1) noted above.
Variations on Equation (2) have been estimated for many different countries, at
different frequencies and for different sample periods. Borland (2011) estimates
µ = 3.2 and β = –0.41 based on four-quarter changes from 1979 to 2011 in
Australia. Earlier, similar Australian estimates include Watts and Mitchell (1991),
INDECS Economics (1995) and Dixon and Thomson (2000). These estimates are
broadly similar to those from Okun’s law in changes for other countries, such as
those in Ball, Jalles and Loungani (2015).3 Ball et al also report that an equation
like (2) describes the relationship between output and unemployment in
professional forecasts in many countries.
2 We have rearranged coefficients from his ‘first differences’ specification to be in comparable
units to those elsewhere in our paper. Okun’s preferred estimates, which are similar, averaged
estimates from a range of specifications.
3 Ball et al’s estimates for –β are, in ascending order, Germany (0.08), Japan (0.11),
Italy (0.16), New Zealand (0.24), France (0.27), Canada (0.43), the United States (0.5) and
Australia (0.5).
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One of the main objectives of our paper is to re-examine Equation (2). We estimate
over a long sample period (1960–2015) and pay close attention to its stability and
specification. We corroborate previous researchers’ finding that simple ordinary
least squares (OLS) models of Okun’s law are not stable. Watts and
Mitchell (1991) attribute instability in the Okun’s law relationship in Australia to a
decline in trend GDP growth over time. Fortunately, we can model this instability,
as we show in the next section.
More importantly, our paper differs from previous estimates of Okun’s law in
drawing out its implications. In particular, Okun’s law provides (a) time-varying
estimates of potential output and (b) forecasts of the unemployment rate that
compare favourably with alternative forecasts.

3.

Models

We present two models of Okun’s law in changes.
3.1

Constant Coefficients Model

A simple benchmark with constant coefficients is estimated by OLS.

ΔU t = αΔU t −1 + β ( Δ 2Yt − µ ) + γΔ 2 rulct −2 + ε t .

(3)

∆U is the one-quarter change in the unemployment rate, Δ2Y is two-quarter
annualised growth in log GDP and µ is the annualised growth rate of potential
GDP. So Δ2Y – µ is the annualised two-quarter change in the output gap. Δ2rulc is
the annualised two-quarter change in log real unit labour costs.
A few features of our specification are not conventional. Our lag structure is
chosen so as to help explain the data. We do not include the change in the NAIRU,
or the levels of either the NAIRU or potential output, for reasons we explain in
Section 6. And perhaps most unusual is our inclusion of real unit labour costs. We
interpret this term as reflecting factor substitution. When the relative cost of labour
increases, firms seek to increase labour productivity and lower their demand for
labour for a given level of output, raising unemployment. This effect is frequently
mentioned in discussions of the determinants of Australian unemployment, and we
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are somewhat surprised that it does not seem to have been included in Okun’s law
specifications before. This is particularly so as the econometric evidence of its
importance is strong, with a t-statistic of 4 in our preferred model. In principle,
increases in real unit labour costs boost labour productivity and hence could
increase the level of potential output. However, this interaction is small (especially
if a reduction in capital productivity is assumed) and we ignore it below.
3.2

Time-varying Coefficients Model

Our preferred model allows potential GDP growth µ, and the coefficient on the
lagged dependent variable α, to vary over time (hence we write them with a
subscript t). We assume both of these parameters follow random walks, and we
estimate them with the Kalman filter.
We specify a measurement equation:

ΔU t = αt ΔU t −1 + β ( Δ 2Yt − µt ) + γΔ 2rulct −2 + ε t

(4)

µt = µt −1 + υt

(5)

α t = α t −1 + wt .

(6)

and state equations

To initialise the Kalman filter, we assume potential GDP growth in 1960:Q2 was
4 per cent, with a variance of 5 percentage points, equal to the average rate and
variance of annual GDP growth in the 1950s. We assume a zero starting value for
the coefficient on our lagged dependent variable, with a variance of 1. Other priors
produce different results in the first few years of estimation but converge by the
late 1960s.

4.

Estimation

We estimate both models over the period 1960:Q3 to 2015:Q1 using EViews
default settings, except where noted.
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4.1

Data

We use three series for estimation: real GDP, the unemployment rate and
real unit labour costs, each of which is quarterly and seasonally adjusted.
These
data
and
estimation
code
are
publicly
available
at
<http://www.rba.gov.au/publications/rdp/2015/2015-14-data.html>. GDP data are
sourced from the national accounts. Unemployment rate estimates are from the
ABS Labour Force Survey, back to 1966:Q3. For earlier data, we use estimates for
unemployment (number of persons) and the labour force from the ABS
‘Modellers’ Database, Jun Qtr 2014’ (ABS Cat No 1364.0.15.003).
Real unit labour costs are obtained from internal RBA databases. They are defined
as the sum of compensation of employees (COE) and payroll taxes paid, less
government employment subsidies received, divided by the product of real
non-farm GDP and the implicit price deflator for gross national expenditure. The
ratios of employment subsidies and payroll taxes to COE are assumed not to
change until 1978:Q3 and 1972:Q3 respectively, when quarterly estimates begin.
4.2

Results

Table 1 presents estimated coefficients. We also report the long-run response of
unemployment to changes in output, known as ‘Okun’s coefficient’, which equals:4

C = ( 4 ∗ β ) / (1 − α ).

(7)

Multiplication is by 4 because changes in output are annualised. Apart from the
time-varying coefficients, the estimates for the two models are very similar. In
particular, they have essentially the same coefficients on the change in the output
gap and the change in real unit labour costs. As can be seen by comparing the
standard error of the OLS equation (0.246) with its Kalman filter analogue, the
standard deviation of measurement equation prediction errors (0.233), the model
with time-varying coefficients fits the data somewhat better.

4 Our estimate holds real unit labour costs constant whereas other researchers often allow other
variables to change. In practice, this difference is unimportant.
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Table 1: Estimation Results
1960:Q3–2015:Q1
Parameter

Description

α, α2015:Q1

Lagged dependent
variable

β

Change in output gap

µ, µ2015:Q1

Potential output growth

γ

Change in real unit
labour costs

σε
σv
σw
(4 ∗ β)/(1 – α)

Standard deviation of
measurement equation error
Standard deviation of potential
output equation error
Standard deviation of inertia
equation error
Long-run effect of output on
unemployment (‘Okun’s
coefficient’)

Equation standard error
Adjusted R2
Estimation method

Notes:

Constant
coefficients
0.310

Time-varying
coefficients
0.443(a)

(0.064)
–0.047
(0.008)
3.69
(0.343)
0.016

(0.251)
–0.049
(0.006)
2.94(a)
(0.781)
0.019

(0.005)

(0.004)
0.233
0.124
0.044

–0.27

–0.35(a)

0.246
0.43
OLS, with
White (1980)
standard errors

Kalman filter

Standard errors reported in parentheses
(a) Time-varying parameter as at 2015:Q1

The upper panel of Figure 1 compares fitted values from the Kalman filter (on an
annual change basis, to reduce clutter) with actual changes in the unemployment
rate. The model seems to explain most of the variation in the data. Fitted values
from the constant coefficients model are not shown but look very similar.
The lower panel of Figure 1 shows estimated contributions to changes in the
unemployment rate. Most of the model’s explanatory power comes from changes
in the output gap. We discuss this effect, and its stability over time, in more detail
in Section 4.3.
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Figure 1: Unemployment Rate
Time-varying coefficients model, annual change
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Sources: ABS; Authors’ calculations

Real unit labour costs have had a clear and important influence on the Australian
unemployment rate, with a coefficient that is highly statistically significant in both
models. Long-run effects change over time due to interaction with the coefficient
on the lagged dependent variable. As a guide, the largest response followed the
12 per cent (0.112 log points) increase in real unit labour costs over the five
quarters to 1975:Q1. We estimate that this increase, if sustained, would have raised
the unemployment rate by 1.1 percentage points in addition to its effects on the
output gap. Since the late 1980s, real unit labour costs have been more stable and
hence less important for explaining changes in unemployment.
Inclusion of real unit labour costs does not greatly affect other results. Without it,
our residuals would be even more skewed – because some of the largest increases
in unemployment, in 1975 and 1982, are partly explained by large increases in real
unit labour costs. We discuss skewness in Section 6.1. Our estimate of the variance
of changes in potential output growth would be slightly smaller, giving rise to a
slightly flatter decline in potential over the past two decades, with a final
(2015:Q1) estimate of 3.1 per cent. And, as mentioned in Section 5, recent
forecasts would be slightly more accurate.
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4.3

Time-varying Parameters

OLS estimates of Okun’s law are unstable over time. This can be seen, for
example, in Quandt-Andrews tests of parameter instability at unknown
breakpoints, where the hypothesis of constant parameters is rejected with a p-value
of 2 per cent.5 Tests of stability for individual coefficients, and rolling regressions,
indicate that this instability is attributable to the intercept and to the coefficient on
the lagged dependent variable. Accordingly, we model these as time-varying
parameters.
As shown in Figure 2, we estimate that potential GDP growth fell from around
5 per cent in the 1970s to 2.9 per cent at 2015:Q1.6 Here, and henceforth in the
text, we translate our regression estimates into approximate annualised percentage
changes by multiplying coefficients on quarterly log differences by 400. Figure 2
also shows a one standard deviation range about the point estimates. Assuming
normality, a 68 per cent confidence interval for the 2015:Q1 estimate spans 2.2 to
3.7 per cent.
Recent estimates of potential GDP growth have increased over recent years. This
reflects an upward drift in the unemployment rate, averaging one quarter of a
percentage point a year since 2011. Given that GDP growth was averaging about
2½ per cent a year, near its estimated potential rate, this surprised our model. The
Kalman filter takes these surprises as a signal that its estimate of the output growth
required to stabilise unemployment was too low, and revises it higher.
The sharpest changes in potential output growth tend to occur when unemployment
rises suddenly, as in 1991 and 2009. This reflects the skewness of changes in
unemployment. As we discuss in Section 6.1, our model is able to account for
much, though not all, of this skewness.

5 Based on Exp-F tests with a 15 per cent trim and Newey-West covariance matrix; other tests
give essentially the same result.
6 We estimate potential GDP growth was close to 5 per cent in the 1960s also. However, this
reflects a significant weight on the initial prior value required for Kalman filter estimation, so
we do not emphasise this as a finding.
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Figure 2: Potential GDP Growth
Implied from Okun’s law, one-sided estimates
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An interesting feature of our estimates is that revisions to potential are positively
correlated with surprises to unemployment, given output. These surprises usually
involve increases in the growth rates of labour force participation or productivity,
some of which the model estimates to be permanent. This countercyclical
behaviour of potential is offset by procyclical revisions to potential when output is
surprisingly strong, given unemployment. When GDP and unemployment move
predictably together over the cycle, as will be true on average, potential will be
unrevised.
Our estimate of potential output growth in the 1970s of around 5 per cent is
relatively high. In contrast, the ‘production function’ approach of the IMF and
OECD tends to produce estimates for this period that are quite low. This largely
reflects a conceptual difference. Our measure refers to expected (or ex ante)
growth rates, the measure that is relevant for forecasting, whereas production
function estimates refer to realised (or ex post) changes. The latter will include
shifts in the level of potential output. An estimated increase in the NAIRU lowered
ex post growth rates in the 1970s. But level shifts that are not expected to continue
do not affect expected growth rates.

14
An advantage of production function approaches is that they can decompose
changes in potential output growth – an issue on which our model is silent.
Unfortunately, we are not aware of a recently published decomposition. However,
our understanding of this approach is that it would also point to a substantial
slowdown in potential output growth several decades ago, attributable to roughly
similar reductions in the contributions from labour, capital and productivity.
Our other time-varying parameter αt, shown in Figure 3, rarely attracts attention
outside the world of unemployment forecasters. It captures the increasing
persistence of movements in the unemployment rate. In the early part of our
sample, movements in the unemployment rate were often transitory, but in recent
decades they appear to have become quite persistent. We suspect that a large part
of this change reflects measurement improvements. Advances in technique and
sample size considerably reduce the noise evident in the early part of the sample.
In particular, the introduction of rotation sampling in 1978 imposed a moving
average term on the level of the unemployment rate.7
Figure 3: Coefficient on Lagged Dependent Variable
Time-varying coefficients model, one-sided estimates
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Lagged dependent
variable
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7 Most of the increase in this coefficient occurred in the 1980s and pre-dates a substantial trend
decline in the unemployment rate. Hence asymmetry in unemployment rate movements,
discussed in the following section, is unlikely to be an explanation.
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In contrast, the short-run response of changes in unemployment to changes in
output has been surprisingly stable over time. To illustrate, the solid lines in
Figure 4 show least squares estimates from three separate sub-samples of similar
length. A percentage point decrease in the output gap is estimated to raise the
unemployment rate within two quarters by about a quarter of a percentage point in
each sub-sample.
Figure 4: Response of Unemployment to the Output Gap
1 percentage point decrease in the output gap
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This stability has implications for views on structural change in the labour market.
It is common to hear speculation that behaviour has changed over time: for
example, because labour hoarding is more or less common or because workers
transition between categories differently. The essentially unchanged short-run
response of unemployment to GDP over several generations does not refute these
hypotheses, but it does invite scepticism about their broader macroeconomic
importance.
There is more variation in the longer-run effects, reflecting changes in estimates of
persistence. For comparison, the dashed line in Figure 4 shows estimated responses
from our time-varying coefficients model using parameter values at the end of our
estimation sample. This model estimates a similar initial impact to the three least
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squares estimates. Reflecting the high level of persistence at the end of the sample,
the long-run effect (the ‘Okun coefficient’) is relatively large, at –0.36 percentage
points.
The stability of the coefficient on real unit labour costs is difficult to assess. Most
of the variation in this variable occurred in the 1970s and 1980s, with more recent
data being uninformative.

5.

Forecasting

An important problem confronting macroeconomic policymakers – and a
motivation for this paper – is that unemployment forecasts have been biased. For
example, since 2000 the unemployment rate has, on average, been 0.22 percentage
points lower than the RBA staff forecast it to be one year earlier. This is difficult to
attribute to chance; the hypothesis that the forecasts are unbiased can be rejected
with a p-value of 4 per cent.8 This bias has been a recurring feature of the RBA
forecasts, also being statistically and economically significant in data from the
1990s. Tulip and Wallace (2012) discuss this further.
The bias in the unemployment forecast is not due to low GDP forecasts. Since
2000, the RBA’s forecasts of real GDP growth have actually been too high (the
wrong sign to explain unemployment bias), whereas over the 1993–2011 sample
reported by Tulip and Wallace (2012, Table 4), they have been unbiased.
One possible explanation for this discrepancy is that forecasters are doing a
reasonable job in forecasting actual output growth, but when they translate that into
unemployment, they use an out-of-date estimate of potential output growth. They
may not realise that larger declines in unemployment are likely to accompany a
given growth rate of GDP than in the past.
To assess this, we examine the pseudo real-time forecasting performance of our
constant coefficients and time-varying coefficients models and compare this with
the actual real-time forecasts of the unemployment rate by the RBA. For each
quarter t, we estimate our models up to quarter t – 1, from which we take
8 Hypothesis tests mentioned in this section use Newey-West standard errors with EViews
default settings.

17
coefficients and the latest estimates of state variables.9 We combine these with
real-time RBA forecasts of GDP growth for quarters t, t + 1, …, t + h to project
right-hand side variables, and then forecasts of the unemployment rate through to
t + h. An important assumption underpinning this exercise is that the RBA
forecasts of output growth are independent of changes in our estimate of potential
GDP growth. We then repeat for quarter t + 1 and so on, giving us sequences of
forecasts at each horizon.
We attempt to estimate our models on the data available to forecasters at the time.
Real-time data and forecasts for the unemployment rate and GDP growth are
described in Tulip and Wallace (2012), which we have updated. We do not have
access to real-time vintages of the change in real unit labour costs, so we use the
2015 vintage of data for quarters before the forecast and assume zero change in
real unit labour costs for quarters t, t + 1, …, t + h. The use of revised data may
give rise to concerns that we may overstate our model’s forecasting performance at
short horizons. However, including real unit labour costs actually reduces the
model’s forecasting performance over the sample we use (the explanatory power of
this variable comes from the 1970s and 1980s).
We focus on a subset of the available data that we think is most informative. Our
evaluation period begins in 2000, given the availability of forecast information. As
discussed below, some of our conclusions are sensitive to this choice. We show
results for horizons out to six quarters ahead. We have a smaller sample of longerterm forecasts, which is heavily influenced by the global financial crisis, and we
suspect is unrepresentative. Moreover, it is less plausible to take longer-term
output growth forecasts as given when varying potential output assumptions.
Forecast comparisons are shown in the figures below. Figure 5 shows root mean
squared errors, a standard measure of forecast accuracy. By this metric, all three
forecasts perform similarly. Differences are not economically or statistically
significant (judging by Diebold-Mariano tests, not shown).

9 Since 2008, we estimate our models up to quarter t – 2 to allow for comparisons with RBA
forecasts, which are produced prior to the release of quarter t – 1 national accounts data.
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Figure 5: Unemployment Rate Forecast Errors
Root mean squared errors, 2000:Q1–2015:Q1
rmse

rmse
Time-varying coefficients model

0.8

0.8

0.6

0.6
Constant coefficients model

0.4

0.4

0.2

0.2
RBA forecasts

0.0
Current

1

2

3
Horizon (quarters)

4

5

6

0.0

Sources: Authors’ calculations; RBA

Figure 6 shows mean errors, a measure of bias. Solid lines are significantly
different from zero at a 10 per cent level. The precision (though not the magnitude)
of estimates tends to decline as the horizon increases, as we have fewer
independent observations. Whereas the RBA and constant coefficients forecasts
are noticeably biased, the bias in the time-varying coefficients forecasts is
insignificant, in either statistical or economic terms.
The favourable performance of the time-varying coefficients forecast is surprising
and important. The relationship between output and unemployment is often
described in complicated structural terms (Layard, Nickell and Jackman 1991;
Debelle and Vickery 1998). But Figures 5 and 6 suggest that all that is needed to
forecast the unemployment rate well is a simple reduced-form equation with very
few variables.10

10 This result was suggested to us by Alex Cooper.
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Figure 6: Unemployment Rate Forecast Bias
Mean errors, 2000:Q1–2015:Q1
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The ranking of forecasts in Figures 5 and 6 would be different if we used earlier
data. RBA forecasts outperformed the time-varying coefficients model in the
1990s. Given that structural change is a concern, and that forecast procedures and
information sets have changed, we view recent comparisons as more relevant.
However, ranking alternative approaches is not our objective. The important point
is that a relatively simple model forecasts about as well as more complicated
alternatives. This result is not especially sensitive to the sample period.
As noted above, one of our hopes in undertaking this project was that the Kalman
filter would remove the bias in the RBA’s unemployment forecasts. Although the
evidence from Figure 6 seems to show this, evidence from earlier samples is less
encouraging. The Kalman filter forecasts from the 1990s were upwardly biased –
indeed, by more than the RBA forecasts. We interpret this as a ‘learning’ effect. As
can be seen in Figure 2, the Kalman filter estimates that potential output growth
declined substantially over the 1990s. But the model did not have this information
before the event and so forecast that the moderate GDP growth of this period
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would be accompanied by little change in the unemployment rate. In this respect,
the Kalman filter suffers from the same lack of hindsight as other forecasters: an
unexpected structural break will be followed by persistent forecast errors.
However, having made overpredictions, the filter adjusts down its estimate of
potential growth in response. That is, the Kalman filter ‘learns’ from its mistakes,
with subsequent forecasts being unbiased. As shown in Figure 6, neither OLS
forecasts, nor the RBA staff, responded in a similar manner. The responsiveness of
the Kalman filter to its own forecast errors makes it relatively robust to structural
breaks, in contrast to RBA staff procedures or OLS.
An alternative approach to the instability in Okun’s law might be to estimate our
constant coefficients model over a short sample period – say, over the past 10 or
20 years. Such a model would have forecast the unemployment rate over the past
decade about as well as our Kalman filter. If all one was interested in was
forecasting unemployment, that approach would be simple and easy. Whether it
would be reliable is less certain. One difficulty with this approach is that the
growth of potential output has changed in the past and can be expected to change
again in the future. As discussed above, least squares estimates are not robust to
structural change. A second difficulty is that the choice of the sample period, and
hence the responsiveness of parameter estimates to new data, is arbitrary. The
n-period average chosen for one dataset may work poorly elsewhere. In contrast,
the Kalman filter ‘gain’ is estimated so as to best describe the data. Third, shortsample least squares estimates allow all parameters to change substantially in
response to unusual observations. In contrast, our Kalman filter model constrains
parameters that have been stable over long periods – such as the short-run response
of unemployment to output – to be insensitive to blips in the data.
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6.

Specification Issues

6.1

Asymmetry

A striking feature of the unemployment rate is that the distribution of changes is
asymmetric. As shown in Figure 7, the unemployment rate tends to go up quickly,
and down slowly. (The gradual increase over 2013 and 2014 is an exception.)
Figure 8 shows the distribution of four-quarter changes. The most common
outcome is a small decline. There are several very large increases of over
3 percentage points, but no decreases of more than 2 percentage points. This
skewness is also evident in changes in other frequencies and in other countries.
Figure 7: Unemployment Rate
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Figure 8: Distribution of Changes in Unemployment Rate
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Table 2 shows a standard measure of asymmetry, the skewness statistic. We
exclude the first few years from the calculations, to allow the diffuse priors about
our state variables to tighten. For this sample, the skewness of quarterly changes in
the unemployment rate is 1.60. For a sample of the same size, a normally
distributed variable would exhibit skewness this large less than 0.01 per cent of the
time.11

11 All p-values in this section are generated by Monte Carlo. We take 100 000 draws of
202 observations of a normal random variable to create the distribution of skewness statistics.
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Table 2: Skewness Statistics
1964:Q4–2015:Q1
Skewness statistic

p-value (%); H0 = 0

1.60
–0.32

< 0.01
3.29

–0.84

< 0.01

1.53
0.94

< 0.01
< 0.01

Unemployment rate, quarterly change
Output gap, two-quarter change
(constant coefficients model)
Output gap, two-quarter change
(time-varying coefficients model)
Okun’s law model with time-varying coefficients
Predicted change in unemployment rate
Measurement equation residuals

The asymmetry of changes in the unemployment rate is largely, though not
entirely, explained by our model. Changes in the output gap are also skewed,
especially when potential output growth varies over time (skewness = –0.8,
p < 0.01 per cent). Moreover, the interaction of changes in the output gap with the
other regressors results in predicted values of our model that are similarly skewed
as changes in the unemployment rate. There remains some unexplained skewness
in the residuals (skewness = 0.9, p < 0.01 per cent), but it is much smaller than the
skewness in the fitted values (skewness = 1.5, p < 0.01 per cent). That is, we
explain most, though not all, of the skewness in the data.
The unemployment rate rises quickly in recessions and falls slowly in expansions.
Although our model explains most of this asymmetry, an alternative explanation is
that the response of unemployment to changes in the output gap is nonlinear. To
assess this, we interact the change in the output gap with a ‘boom’ dummy variable
that equals one when the output gap is increasing and zero otherwise. This variable
is not significantly different to zero (p = 39 per cent). Ball et al (2013) conduct a
similar test on US data and find similar results.
We consider other specifications. Some of these variations were marginally
significant but difficult to interpret (for example, implying discontinuous
relationships). Others were insignificant. Having experimented with a range of
functional forms, we have not found clear evidence that the relationship between
output growth and changes in unemployment is nonlinear.
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6.2

Changes in the NAIRU

Okun’s law equations like Equations (3) and (4) are often estimated with the
dependent variable being the change in the unemployment gap (the deviation of
the unemployment rate from the NAIRU) rather than the change in the
unemployment rate. From a forecasting perspective, these variables are typically
the same, as the NAIRU is conventionally modelled as a random walk. But for
explaining history, we find that this specification fits the data poorly. We update
the domestic demand deflator version of the NAIRU estimated by Ballantyne,
De Voss and Jacobs (2014) and include the contemporaneous quarterly change in
the one-sided NAIRU in Equation (4). The coefficient is incorrectly signed and is
not significantly different from zero (p = 6 per cent). In this specification, the
expected growth rate of potential output is about half a percentage point higher in
the 1970s and about half a percentage point lower in the 2000s than the estimates
shown in Figure 2, though the 2015:Q1 estimate is unchanged at 2.9 per cent. The
hypothesis that the dependent variable is the change in the gap, which implies
constraining the coefficient on the change in the NAIRU to equal one, is very
strongly rejected (p < 0.1 per cent). The hypothesis that the coefficient equals
1 – αt (allowing for interaction with the lagged dependent variable) also has
p < 0.1 per cent. Ballantyne et al’s weighted median version of the NAIRU
provided an even poorer fit to the data.
6.3

Levels of Potential Output and Equilibrium Unemployment

In contrast to most previous research on potential output and Okun’s law, we do
not present estimates of levels of potential output, the output gap or the equilibrium
rate of unemployment. We have not been able to construct estimates that are useful
for explaining unemployment. For example, the lagged level of the unemployment
rate and a constant (allowing for reversion to the mean or to the NAIRU) are
jointly insignificant with a p-value of 17 per cent when included in a least squares
version of our equation. (We constrain time-varying coefficients to equal their
Kalman filter estimates, so as to avoid collinearity between the constant and
potential output growth.) Similarly, the lagged output gap, constructed as the
deviation of log GDP from its one-sided HP trend, has a coefficient that is
insignificantly different from zero (p = 25 per cent). More sophisticated
specifications, including cyclically adjusted estimates and one-sided estimates of
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the NAIRU, do not do much better. This is not primarily because our time-varying
coefficients soak up the effect of the levels variables. When the lagged deviations
of log GDP and the unemployment rate from their one-sided HP trends are
included in our constant coefficients specification (as shown in Table 1) they are
individually and jointly insignificant (p = 43 per cent).
To be clear, we are not saying that the relationship between unemployment and
output does not hold in levels. Rather, variables in levels do not seem to provide
information about changes in unemployment beyond the information provided by
variables in changes.
The insignificance of level terms may seem surprising given the stationarity
(absence of trend) of the unemployment rate. In the past, when the unemployment
rate was far from its average, it returned toward normal. Our estimates suggest that
this mean reversion arises through output growing faster or slower than normal.
Once one allows for that, extra reversion to the mean is unimportant.
Exceptions to our findings above are specifications that include two-sided trends
(whether HP, kinked linear or Kalman) of both output and the unemployment rate.
Like Ball et al (2013) we find these terms to be highly statistically significant. But
this correlation seems to reflect reverse causation. In particular, disturbances to the
unemployment rate result, by construction, in positively correlated changes in the
lagged HP trend.
To illustrate, we construct artificial data resembling our unemployment rate and
Ball et al’s (2013) NAIRU, in which the null hypothesis, that the NAIRU has no
effect on the unemployment rate, is true by construction. Specifically, we simulate
50 000 unemployment rate series, each of 219 observations, taking the right-hand
side variables and coefficients of the time-varying model as given and random
draws of disturbances from a normal distribution, where ε̂ ∼ N 0,0.2332 . We then

(

)

construct a HP trend of the cumulative sum of each series using the same
procedure as Ball et al (2013) (with a smoothing coefficient λ = 1 600). Although
the artificial unemployment data are constructed independently of the artificial
NAIRU series, when included in our Okun’s law model, the resulting lagged level
of the unemployment gap usually appears to be highly significant, with an average
t-statistic of –4.2. At a 5 per cent level of significance, a t-test on the lagged
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deviation of the unemployment rate from its HP trend incorrectly rejects the null
hypothesis of a zero effect 99.8 per cent of the time.12 We conclude that the finding
that the unemployment rate moves towards a two-sided trend of itself is spurious.
That is, Ball et al (2013) overstate the evidence that Okun’s law holds in levels.
This conclusion applies in essentially the same way to kinked linear trends and
two-sided Kalman trends. We should add that, in contrast, our other results
strongly corroborate Ball et al’s findings relating to Okun’s law in changes.

7.

Directions for Future Research

Our conclusions are stated in the introduction and we do not repeat them. But two
possible extensions are worth noting.
Okun’s law is a reduced form that does not distinguish between shocks to output
arising from demand and those arising from supply. It is possible that the
correlations arising from different underlying shocks would differ. The stability of
the short-term responses shown in Figure 4 suggests either that responses to
different kinds of shocks are similar or that the constellation of shocks has not
changed much over our sample. Nevertheless, a deeper understanding of the
structure would be interesting. In particular, our model ignores information about
other labour market variables, such as productivity, the participation rate and so on.
One might hope that taking this information into account would improve estimates
of potential output and forecasts of unemployment. The forecast comparisons in
Section 5 suggest that this extra information has been difficult to usefully apply.
However, that may reflect the simplifications that are often used in ‘structural’
estimates. We suspect multivariate estimation with time-varying parameters would
improve performance.
Estimation of our models on annual data provided estimates that forecast
surprisingly well out of sample. This partly involved estimates of potential output
growth in the 1990s that were relatively low, with unbiased forecasts. We suspect
that longer lag structures may have helped in this, though we were unable to
capture those with quarterly data. Again further exploration here might be fruitful.
12 These results are not materially different if we draw disturbances from the empirical
distribution of ε, vary the standard deviation of the residuals or use an alternative value of
lambda.
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