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Abstract

This paper analyses the reliability of real time estimates of cycli-
cally adjust budget balances (CABs). We find that real time CABs are
not better at forecasting the ex post figures than simpler benchmarks.
Further, we find that real time CABs have low power in detecting fiscal
slippages, and in correctly identifying fiscal improvements. Around half
of the real time errors in CABs can be attributed to revisions in the cycli-
cal component of the budget balance, and around one half to revisions
in the deficit to GDP ratio across vintages. That means it will be diffi-
cult to use them to reliably monitor the health of public finances. Lastly,
we find that CABs are systematically less reliable under conditions of
poor or deteriorating public finances, which means they are at their most
unreliable precisely when they are needed most.
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Non-technical summary
Cyclically adjusted budget balances (CABs) are commonly used as an early

warning indicator of fiscal loosening and its role has gradually increased with
the reforms to the Stability and Growth Pact (SGP). CABs are useful for mon-
itoring the underlying fiscal stance because they enable to strip out fiscal slip-
page also at the top of the business cycle, i.e. while the actual budget balance
may still be in surplus because of extra revenues generated by good economic
conditions. In order to perform as a “preventative arm” in avoiding major fis-
cal problems, as stated in the SGP, CABs have to be calculated based on the
data available at the time.

Using the extensive real time dataset on the nineteen OECD countries we
show in the paper that the real time CAB figures are very imprecise and per-
form extremely poorly in identifying fiscal slippages. It is mainly related to
difficulties in measuring the current cyclical position of the economy correctly.
The resulting problem is twofold — there are episodes of fiscal loosening that
can only be verified ex post and not at the time; but there are also episodes of
real time slippages, although it is not apparent when the ex post data is used.
These wrong “alarms” are more likely to emerge from the real time data than
“true” alarms. It brings us to a conclusion that CABs should be used with a
great caution by policymakers.
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1. Introduction

Cyclically adjusted budget balances (CABs) are routinely used in the anal-
ysis of fiscal policy. The basic rationale is well known — namely that by
stripping out the cyclical effects of automatic stabilisers, the remaining ad-
justed balance is a truer picture of the underlying state of public finances.

However, the reported CAB for a given year may be subject to quite large
revisions over time. Thus the figures available at the time the policy was being
made may differ quite substantially from those published some years later in
the official statistics. This is due not only to real time measurement error in
the deficit itself, but also those in the cyclical adjustment process, which typi-
cally rely on a output gap measure (or other cyclical indicator) which may be
known very imprecisely in real time (see Orphanides and Van Norden, 2002).
The goal of this paper is to investigate the reliability of real time figures for
cyclically adjusted budget balances. Our results are of importance for two of
the most common uses of CABs.1

The first is the use of the CAB as a structural indicator of the sustainability
of public finances. Cyclically adjusted figures are often considered an “early
warning” device. During an upswing, a loosening of fiscal policy may not
show up in the headline budget deficit figure, because strong growth boosts
tax revenues. However, detecting deteriorations in the structural balance early
enough may permit fiscal consolidations in the upswing of the cycle, and hence
facilitate corrective measures which would be politically (and economically)
more costly to achieve in the downswing when the actual budget deficit natu-
rally increases (Buti et al., 2003b; Hughes Hallett et al., 2004). As a specific
example, within Europe the “close to balance or in surplus” criterion of the
Stability and Growth Pact (SGP) be explicitly assessed in terms of cyclically
adjusted budget figures. Yet the effectiveness of the CAB as a timely indicator
of fiscal health depends crucially on the accuracy of CAB figures available to
policymakers at the time, rather than the ex post data published many years
after the event.2

The second, is the use of the CAB as an indicator of discretionary fiscal
policy. A substantial number of empirical papers treat the government’s fiscal
policy instrument as the cyclically adjusted (primary) balance, rather than the
total balance. Since the operation of automatic stabilisers occurs in the absence
of any discretionary interventions by the government, so the argument goes,

1See Blanchard (1990) for a comprehensive overview of different uses of CABs.
2This point was well illustrated by deterioration of public finances in the Netherlands dur-

ing the early part of this decade. The European Commission’s 2004 spring forecast recorded
a cyclically adjusted deficit of 2.8% of GDP for 2002. However, the same forecast in Autumn
2001 (after the budget was passed) estimated the 2002 CAB to be in surplus by 0.8%.
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these automatic effects need to be stripped out in order to assess the actions
of the policymaker. However, most of the empirical work on this topic uses
revised data which was not available to the policymaker at the time.3 In such
studies, the cyclically adjusted balance is usually taken to represent what the
policymaker was trying to do at that time. If the real time figures are quite
different from the revised data, then the latter may be a poor approximation of
the fiscal stance fiscal policymakers thought they had adopted. For example,
episodes which are classifed on basis of ex post data as fiscal loosenings, may
have looked quite different to the policymaker at the time. Thus, the implicit
assumption that the policymaker was deliberately loosening fiscal policy may
not hold — the worsening of public finances may only have become apparent
several years after the event.

The issue of cyclically adjusted budget balances is likely to grow in impor-
tance in the coming years. Many OECD governments face the need to consol-
idate public finances in the years ahead, in the wake of strongly expansionary
stimulus packages. In general, simply relying on improved tax revenues from
a pick-up in economic activity may not be enough to place public finances on
a secure footing — additional discretionary measures will be needed. Clearly,
quantifying the relative contributions of automatic stabilisers and of specific
discretionary tightening measures will be an important task in determining the
soundness of public finances.

This paper investigates how big the difference is between real time and
ex post estimates of the CAB in three different ways. First, we see how the
OECD’s real time CAB figures match up against a simpler methodology. The
latter is based on applying an HP filter to calculate our own output gap figures
and using these to calculate our own CAB estimates (Section 2). Surprisingly
we find that the simple method outperforms the accuracy of OECD’s real time
figures at “forecasting” the OECD’s final figures. Second, we analyse how
accurate the real time CABs are at identifying slippages in fiscal policy, and
at detecting improvements (Section 3). We find that real time data is quite
unreliable, and that a fiscal surveillance system based on this variable alone
will result in large numbers fiscal slippages going undetected; and, in many
instances, of fiscal policy being wrongly characterised as a slippage.

Third, we analyse whether there is a systematic pattern to the measurement
errors associated with real time CABs (Section 4). We find that CABs are
likely to be more unreliable, the worse the “true” state of public finances is
(proxied by ex post data), and also in times when the “true” fiscal position is
slipping. Thus indicating that CABs are systematically more inaccurate just at
the time when they are needed most as an early warning.

3See for example, Galí and Perotti (2003), IMF (2008), Breuss and Roger (2005), Buti et
al. (2003a).

5



There is an emerging literature on the use of real time data to evaluate
fiscal policymakers behaviour. Forni and Momigliano (2004), Golinelli and
Momigliano (2008), Cimadomo (2007) and Bernoth et al. (2008) all find that
fiscal policy reaction functions using real time data show counter cyclical re-
sponses which do not show up when the same estimation is carried out with
ex post data. On the fiscal monitoring side, Jonung and Larch (2006) inves-
tigate the role of errors in potential GDP forecasting, and find that for some
countries, real time assessments of fiscal position are over optimistic due to a
systematic upward bias in government produced forecasts of potential output.
Using data on GDP revisions to analyse cyclically adjusted budget balances,
González-Mínguez et al. (2003) show that revising previous values of GDP
can generate the illusion of a change in government behaviour by altering the
CAB, even though the actual deficit remains unchanged.

However, there is no systematic attempt to quantify the size of the error
arising from the problem of inferring a CAB in real time, or how those er-
rors may affect fiscal oversight itself. On the other hand, several authors have
highlighted the importance of deliberate misreporting of headline deficit fig-
ures (see for example Koen and van den Noord, 2005; von Hagen and Wolff,
2006). Our focus here is rather different. First, we are not primarily concerned
with deliberate data manipulations by governments as such but rather the total
size of real time measurement errors in CAB figures. To this end, we make
use of OECD data which, unlike European Commission data, is not directly
supplied by the national governments themselves. As Beetsma and Guliodori
(2008) note, this means that OECD data is less susceptible to strategic manip-
ulation by national governments than that of other sources. Thus, our dataset
is subject to measurement errors largely outside the scope of opportunistic
accounting practices.

The information available to policymakers at the time may differ substan-
tially from the information available after the event for a number of reasons.
To begin with, contemperanoues data on deficits and GDP available to poli-
cymakers at the time are likely to be subject to many revisions in subsequent
periods. Second, extra observations of output beyond time t can improve the
estimation accuracy of the time t output gap. This is related to the so-called
“endpoint problem”, i.e. the more observations of output one has beyond year
t, the better one can estimate potential output in year t itself. Third and more
broadly, additional data may lead to revisions in the model of the economy,
leading in turn to further changes in estimates of the output gap (Orphanides
and Van Norden, 2002).

There are a number other factors which may generate a real time measur-
ment error in the headline budget balance figures. The OECD (along with
the IMF and the EU) uses an accrual rather than a cashflow basis for national
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accounts. This records transactions in the year in which the transaction itself
occurred, rather than when the payment was actually transferred. Since many
taxes are paid with a lag, the government recieves part of the year t tax revenue
in year t + 1 or even t + 2. Similarly, some expenditures, although booked to
year t may not be finalised until later years. Thus the at the year end, one must
estimate the eventual expenditure and revenue flows which will eventually be
booked to year t. In addition, there other data compilation lags — even if
the expenditure has occurred within the same year as the transaction, the time
needed to collate data may mean that by the year end, the exact figure is not
known.

2. How well do the real time figures perform against
a simple benchmark?

To quantify the magnitude of these errors, a real time dataset is used, com-
piled from successive issues of the OECD’s Economic Outlook (EO). The
dataset consists of the yearly published values of GDP, output gap and ac-
tual budget deficit series in each issue from December 1995 (Issue 58) to De-
cember 2008 (Issue 84), as well as the published values of cyclically adjusted
budget balance. The compiled dataset includes 19 countries: Australia, Aus-
tria, Belgium, Canada, Denmark, Finland, France, Germany, Greece, Ireland,
Italy, Japan, Netherlands, Norway, Portugal Spain, Sweden, United Kingdom
and United States.4 The time span for an individual time series is from 1985
to the year of publication.

We use OECD data rather than IMF or European Commission data be-
cause Economic Outlook has published cyclically adjusted budget balances
since 1993, earlier than can be obtained from European Commission or IMF
data. Using data from another source would mean shortening our already small
sample.5 The OECD has published its own real time database, the earliest vin-
tage being 1999. We therefore we utilise our own (longer) dataset in order to
take advantage of the larger number of observations.

Since the data is compiled by an independent body, it is reasonably in-

4The number of countries included in our dataset is determined by data availability. Coun-
tries which had missing values at least in one of the data categories, i.e. output, output gap,
actual budget balance or CAB were left out. Those countries are the Czech Republic, Hungary,
Iceland, Luxembourg, Mexico, Slovakia, South Korea and Turkey.

5The European Commission is yet to publish a real time data set of its own. The earliest
vintage for cyclically adjusted budget balances we could find was from 1995, for 12 EU
nations (European Economy 60, Broad Economic Policy Guidelines 1995), but then there is a
gap until 1998.
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sulated against “political” bias in provisional figures and forecasts compiled
by national governments. For example, empirical work by Jonung and Larch
(2006) suggests that, in some countries, estimates of potential output produced
by national statistical agencies may have been biased systematically upwards,
in order to present a more favourable picture of cyclically adjusted public fi-
nances.

Figure 1 depicts average CAB of 19 countries in our dataset and how it has
changed over the time. It can be seen that data revisions have had minor effects
on average CAB for certain years, 1996–1998 for example, whereas they are
remarkably error prone for 2000 and onwards. As the average CAB figures
to some extent cancels out revisions with opposite signs on a single country
level, the imprecision of real time CAB estimates is even greater for a single
country (elaborated in more detail later) and indicate clearly the difficulty of
predicting the ex post data correctly in real time.
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Figure 1: Average CAB Estimates of 19 OECD Countries Across Vintages
1995–2008 (% of GDP). Source: OECD Economic Outlook 58–84.

In what follows we compute our own real time CAB estimates and compare
their power to predict the ex post realization with the one of the OECD’s CAB
estimates. Throughout this paper ex post data refers to the latest release of the
Economic Outlook, which is the December 2008 issue.

Our simple benchmark is obtained as follows. First, we utilise real time
GDP data to extract the output gap (although this is based on raw data taken
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from the OECD we refer to this as our “own estimate”). This measure of the
cyclical position of the economy is then combined with the OECD’s published
budgetary elasticties and real time total budget balance data used to derive our
own real time CAB estimates. The formal equation utilised in our calculations
is the following:

b̄t|t+s = bt|t+s − εtỹt|t+s, (1)

in which b̄ denotes CAB, b is the actual budget balance (both in percent-
ages of GDP), ε stands for budget elasticity and ỹ denotes output gap. In our
notation we use two time subscripts. The first, t, has a conventional inter-
pretation — denoting the time period to which the observation refers. The
second, expressed as t + s, refers to the vintage of data. For example, CAB
for 2002 as reported in the 2006 edition of Economic Outlook would appear in
our notation as b̄2002|2006, i.e. t = 2002 and s = 4.

Output gap estimates are obtained by applying the Hodrick-Prescott (HP)
filter with the smoothing parameter set to 100 to estimate the trend output.
This estimate is then subtracted from the actual real time GDP figure reported
in the corresponding issue of EO.

A common problem related to the HP filter is the so called end-point prob-
lem, meaning that the filtered potential output time series tends to be biased
toward the actual data in the beginning and at the end of the sample.6 To
mitigate the this, we add GDP forecasts for five years ahead before applying
HP filter. Forecasts are produced with ARIMA models, which are automat-
ically estimated by the algorithm built in the TRAMO program provided by
EViews.7

We therefore get 14 vintages of output gap data for each country, which
are based on the successive December issues of EO, that is December 1995
– December 2008 (similarly to the reported average CABs on Figure 1). We
report the error in the real time output gap estimate with respect to the ex
post realization. This is expressed in terms of the root mean squared errors
(RMSE). The RMSE is calculated for 5 data vintages, formally referred to as

RMSEỹ,s=i =
(∑

t

(
ỹt|s=i − ỹt|2008

)2
/n
)1/2

, i = {0...4}. Thus, the earliest
vintage (s = 0) is the real time data, and subsequent vintages are those 1, 2, 3
and 4 years after time t.

6The issue is raised, for example, by Bjornland et al. (2005), Guay and St-Amant (1997)
and St-Amant and van Norden (1997).

7Note that because we use real time GDP data to calculate this benchmark output gap, we
respect the principle of using information which would have been available at the time.
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RMSEs are based on a common sample length 1995–2004. 1995 is the
earliest data vintage available, and given that our latest vintage is 2008, 2004
is the last year for which have data for ỹt|s=4.

In practice, we calculate three sets of RMSEs — (a) we compare our own
real time gap estimates with our own ex post data, (b) our own real time gap
estimates are compared with the OECD’s ex post data and (c) the OECD’s real
time data is compared with the OECD’s ex post gap estimates.

The average RMSEs of all 19 countries are presented in Figure 2. First,
it is visible that the size of the errors decrease in s. This is an expected re-
sult because the more information is available for the gap estimation, i.e. the
further in the past lies the period of observation, the more accurate is the gap
extraction. Second, our own gap estimates show the best results in terms of
predictive accuracy when it is compared to our own ex post gap series. It is a
bit worse in predicting OECD’s ex post gap but surprisingly it still beats the
accuracy of the OECD’s own real time gap estimates (more detailed results at
a country level are presented in Appendices 1 and 2).
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Figure 2: Revisions in Output Gap Estimates: Root Mean Squared Error.
Source: OECD Economic Outlook 58–84, authors’ own calculations.

Next we repeat the analysis for CAB figures. In this case, our own CAB fig-
ures are calculated by taking our own output gap figure, multiplying that by the
OECD’s estimate budget elasticity, then subtracting this figure from the corre-
sponding OECD budget balance measure (see equation 1). This is a somewhat
cruder methodology than the OECD uses, because the OECD also take into
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account potential lags in taxes, spending and also make adjustments for “one-
off” effects on the primary balance. In doing this we make use of three sets of
elasticities (this is why elasticity parameter ε has a time subscript in equation
1). Elasticities for 1985–1998 are taken from van den Noord (2000) and are
based on 1998 weights; elasticities for 1999–2002 are based on 1999 weights
( Ibid.); and elasticities for 2003–2008 are published by Girouard and André
(2005) where they use 2003 weights.

The results are depicted in Figure 3 and they exhibit the same pattern as
the gap estimates above.8 We see our own real time CAB figures have the
best forecasting power when they are compared to our own ex post data. They
are moderately worse at predicting OECD’s ex post CABs. However, they
outperform the OECD’s final data than the OECD’s real time CABs do. (More
detailed results at a country level are presented in Appendices 3 and 4).

0.6

0.8

1.0

1.2

1.4

1.6

0.6

0.8

1.0

1.2

1.4

1.6

s=0 s=1 s=2 s=3 s=4

OECD data vs. OECD benchmark

own CAB calculations vs. OECD benchmark

own CAB calculations vs. own benchmark

Figure 3: Revisions in CAB Estimates: Root Mean Squared Error. Source:
OECD Economic Outlook 58–84, authors’ own calculations.

Taken together, our analysis demonstrates that a simple HP filter approach
combined with some pre-specified elasticities is does a better job of predicting
the final OECD data than the OECD’s own real time figures.

8Norway is excluded from the calculation of average RMSE because the OECD record
oil revenues in the primary balance, but not in the CAB — our failure to do this in our own
methodology generates a large RMSE.

11



3. The Effectiveness of CABs as an Early Warn-
ing Indicator

An important function of CABs is to serve as an early indicator of fiscal
slippage, especially during the upper part of the business cycle when strong
economic growth may mask the effect of fiscal loosening on the actual budget
deficit.9 To test the effectiveness of this warning10, we construct two binary
measures. First, we define a “fiscal slippage” to be a worsening in the CAB of
1.5pp over one year. This is similar to the definition adopted elsewhere in the
literature (Blanchard et al., 2000; Hughes Hallett and Lewis, 2007). The sec-
ond, we define a “fiscal loosening” to be, and that is defined a negative change
in the CAB over one year. This has parallels in the European Commission’s
“significant improvement test” (discussed later). It can also be thought of as
testing whether the real time data gives the correct sign for CAB changes.

If the change in the real time CAB exceeds some trigger value, then we
assume a hypothetical “alarm” is sounded. If not, then no alarm is registered.
Comparing these with the ex post data, we can then classify the CAB in one
of four states — correct alarm, false alarm, missed alarm, correct all clear,
depending on whether the alarm was correctly sounded or not (see Table 1).

Table 1: Classifying Budgetary Outcomes

Real Time Data
CAB worsens CAB worsens

more than 1.5pp less than 1.5pp
CAB worsens Correct Missed

more than 1.5pp alarm alarm
Ex Post Data

CAB worsens False Correct,
less than 1.5pp alarm all clear

The occurrence of a slippage and the early warning are both defined in
terms of CABs. Thus, the issue is purely on of revisions in data across vin-

9More broadly, studies which analyse episodes of fiscal expansion or slippages, typically
do so on the basis of ex post data (IMF, 2008; Buiter and Grafe, 2002; Hughes Hallett and
Lewis, 2008) and do so in the belief that these slippages represented the deliberate choice of
policymakers at the time. It is therefore instructive to see whether these slippages were indeed
evident to policymakers at the time.

10Throughout this section we use the term “early warning” in a general sense. It does not
refer to the much more specific concept of an “early warning” as laid out in the Stability and
Growth Pact which EMU members are bound by.
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tages. If there were no data revisions, and hence real time data was the same
as ex post data, then the alarm would have a 100% success rate.

Using our own dataset, we obtain the results for the period 1995–2008. Ta-
ble 2 shows that the CAB performs very poorly as an early warning indicator.
In the baseline case (the first row, where the trigger is −1.5pp), only six out
of sixteen fiscal slippages (correct plus missed alarms) are correctly picked
out in real time. It could be that this result is sensitive to the trigger value and
that a number of the missed slippages represent fiscal loosenings close to the
−1.5pp boundary. To investigate this we perform two robustness checks.11

Table 2: Success of the CAB as an Early Warning: Slippage of more than
1.5pp in one year

Correct False Missed Correct
Trigger Alarm Alarm Alarm All Clear

Frequency 6 3 10 209
−1.5pp Average RT Change −2.19 −2.12 −0.35 −0.01

Average EP Change −2.37 −0.01 −2.00 0.52

Frequency 7 13 9 199
−1.0pp Average RT Change −2.03 −1.46 −0.28 −0.04

Average EP Change −2.26 −0.04 −2.04 0.58

Frequency 12 34 4 178
−0.5pp Average RT Change −1.47 −0.96 0.239 −0.09

Average EP Change −2.26 −0.08 −1.78 0.68

Source: OECD Economic Outlook 58–84, authors’ own calculations.

Firstly, we compute the average real time (RT) and ex post (EP) change in
the CAB (expressed in percentage points). In the baseline case, the average
change in the real time CAB for the “missed alarm case” is −0.35, quite far
away from the trigger value. A small change in trigger value will not help to
pick up these cases.

Second, we re-run the experiment for different trigger values (keeping the
same definition of a slippage). Setting the trigger at −1.0 (fourth row) only
picks up one extra slippage in real time. But this comes at a very high cost:
14 false alarms (that is eleven more than in the benchmark case). Notice also
that average ex post change in the CAB is around zero. That means that not

11These results are robust to alternative defintions of fiscal slippage. In addition to defi-
nition of the next subsection, we also tried a definition based on the change in the CAB over
two years (Hughes Hallett et al., 2007).
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only are these governments (ex post) barely loosening fiscal policy, but a good
number turn out ex post to have been tightening their fiscal policy. Setting the
trigger at −0.5 (an even stricter measure) tells a similar story. In this case,
12 out of 16 slippages are picked up, but at the cost of 34 false alarms. That
means that three out of every four alarms is a false one. The average value
of the ex post change in the CAB is −0.1 (a long way away from the −1.5
percentage point definition of fiscal slippage) and hence these do not represent
“near misses”. Thus anybody attempting to issue cautions on the basis of real
time figures is likely to have credibility problems.

One might take the position that a fiscal monitor might have a highly asy-
metric loss function and would thus be happy to tolerate a large number of
false alarms, if that meant that all slippages would be picked out. However,
in that case the monitor runs the risk of being seen “crying wolf”. Knowing
this, governments might reasonably chose to ignore an “early warning”, argu-
ing that there was a too high probability it would turn out to be false. More
generally, a real time defintion which successfully captures all (or most) of
the slippages also entails a very large number of wrongly identified slippages,
which correspondingly weakens the power of the early warning in the first
place.

More generally, this suggests caution in the interpretation of ex post data.
The high number of missed alarms suggest that many fiscal slippages did not
show up in real time, and hence may not have reflected a conscious desire to
loosen fiscal policy. Simply labelling such episodes as fiscal slippages and
assuming that they reflected deliberate policy measures may be misleading.

Can CABs Pick up Fiscal Consolidations in Real Time?

We now consider the power of real time CABs to pick up improvements
in the fiscal position. For EMU countries, the European Commission now
requires individual countries with excessive deficits to show a minimum im-
provement in their deficit figures as part of the national stability programmes,
or face the threat of sanctions. These improvements have to be computed in
terms of the CAB, and hence in real time, and the criterion is currently set at
an improvement of at least 0.5pp of GDP each year. The logic underpinning
this (Buti et al., 2003a; European Commission, 2002; Sapir, 2004), is that the
(ex post) CAB should not deterioriate (i.e the change should be 0 or postive).
To allow for possible real time measurement errors, a safety margin is added
in. Thus the “real time” benchmark is that the (real time) CAB must improve
by 0.5pp. This test also has a more general relevance. Since the trigger value
to denote a loosening is zero, this can also be interpreted as a test of whether
we can correctly identify the sign of the change in the CAB in real time.12 In

12Because we set the trigger to 0.5pp, we are choosing a cautious value — the idea is that
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what follows, we test the power of real time data to at least correctly indicate
the sign of the change in the CAB.13

Given the recent deterioration in fiscal positions in most EU countries, a
significant number of EU nations may be placed under the formal obligation
to consolidate their public finances. Outside of the EU, many other OECD
countries may also need to improve their structural budget position as they
seek to withdraw stimulus measures. We analyse how accurate the data is at
picking up these improvements in two samples. The first is the entire data
sample (as in the previous table). For the second, we take only those countries
whose budget deficit was more than 3% of GDP. For EMU countries this is
the reference value at which excessive deficit procedure may be invoked. For
other countries this is a simple way of restricting the sample to periods when
deficits are relatively loose. The results for both samples are given in Table 3.

Table 3: Success of CAB at Detecting Improvements in Fiscal Position

Correct False Missed Correct
Sample Alarm Alarm Alarm All Clear

Full
Frequency 73 59 13 83

Average RT Change −0.59 −0.85 0.79 0.55
Average EP Change −0.95 0.55 −0.84 1.3

Restricted
Frequency 11 10 12 23

Average RT Change −0.49 0.08 −0.32 0.36
Average EP Change −0.73 0.35 −0.92 1.24

Source: OECD Economic Outlook 58–84, authors’ own calculations.

Looking at the full sample, Table 3 shows that in real time, the 0.5pp safety
margin is insufficient to pick out all fiscal loosenings, although it does pick
up most of them. However, it comes at a high cost in terms of “false alarms”,
almost 40% of alarms are incorrect.

The picture worsens considerably when we restrict our attention to coun-
tries whose (ex post) deficit exceeds 3%. Of the 23 instances of fiscal loosening
in that group, only half are picked up in real time. Moreover, of those that are
missed, the loosening actually turns out ex post to be even larger on average

tightenings will only be declared as such if there is significant evidence of them. This reflects
the fact that one is usually more worried about failing to spot a deterioration in public finances,
than misclassifying an ex post imrpovement. Setting the trigger to zero would lead to fewer
false alarms, but more missed alarms. However, the results do not change substantially with
respect to the trigger value.

13Note that we use OECD figures, rather than Commission figures on which the actual
SGP decisions would be based.
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than those which are picked up. That means that the 0.5pp safety margin is
too small. Half of the countries who recorded an (ex post) fiscal loosening had
shown a tightening of more than 0.5pp in real time. Equally worrying is that
the fact that almost half of the alarms turn which are sounded turn out to be
false.

For EMU members, the decision on whether to apply sanctions14 is contin-
gent on failure to improve by 0.5pp. This data suggests that very often coun-
tries will be unfairly punished on the basis of real time data, whilst a number
of “sinners” will go undetected, at least in real time.

How Much Better Are Later Data Vintages?

Table 4 extends the tests of Tables 2 and 3 using subsequent vintages of the
CAB measure. Thus s = 0 denotes the real time case, and s = 1, 2, 3 refers
to the outcomes when the tests are applied with CAB estimates made with the
data available 1, 2 and 3 years later.15 The results are shown in Table 4.

It is clear from Table 4 that although later vintages tend to perform some-
what better than real time data at picking out slippages, there are still substan-
tial errors even three years after the event.

In the case of fiscal slippage, the s = 1 data actually performs more poorly
than the s = 0 data — with three extra “false alarms”. Even three years after
the event (s = 3), half of alarms are false and two out of nine slippages go
undetected.

For identifying the sign of the change in the CAB, subsequent vintages of
data tend to do relatively better than in the slippage case, but significant errors
remain even using data three years after the event.

In the case where the sample is restricted to high deficit countries, around
three quarters of fiscal loosenings are detected in real time. Three years after
the event, nearly all of them are detected. However, the number of false alarms
is virtually unchanged between s = 0 and s = 3.

For the full sample the picture is similar. As s increases, the number of
missed alarms falls quite sharply, suggesting extra vintages of data can help
significantly in picking up slippages. As s increases, the number of false
alarms falls, but not in a monotonic fashion — for the “fiscal slippage” case,

14If a country fails to consolidate enough, they can be required to make a non-interest
bearing deposit, which can eventually be converted into a fine.

15Unlike the previous analysis our sample here ends in 2005. This is because we wish to
test the performance of different vintages of data for the same sample period (the motivation
here is the same as in Section 2 for calculating RMSEs across vintages). The December 2008
vintage constitutes our final data, so the last year for which we can have an s + 3 vintage of
data (and which is distinct from the ex post data) is 2005. This differences in samples explains
the discrepancy between the first set of results in Table 2, and the results in Table 4.
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Table 4: Warnings by Vintage

Correct False Missed Correct
Trigger Alarm Alarm Alarm All Clear

Fiscal Slippage:
CAB worsens by more than 1.5pp

s = 0 5 1 9 156
s = 1 5 4 9 153
s = 2 6 2 8 155
s = 3 7 2 7 155

Fiscal Loosening (full sample):
change in CAB is negative

s = 0 55 34 13 69
s = 1 61 13 7 90
s = 2 64 24 4 79
s = 3 67 24 1 79

Fiscal Loosening (restricted sample):
change in CAB is negative

s = 0 12 5 4 18
s = 1 14 3 2 20
s = 2 14 3 2 20
s = 3 15 4 1 19

Source: OECD Economic Outlook 58–84, authors’ own calculations.

the s = 1 data is actually better than the s = 2 or s = 3 vintages. Three years
after the event, more than one third of all alarms are still false.

Deficit Revisions or Problems with Cyclical Adjustment?

The above analysis demonstrates that CAB figures are unreliable. But it
cannot determine whether the source of the measurement error is the actual
deficit figures, or in the methodology used for the cyclical adjustment. To
isolate the effect of the cyclical adjustment process we construct an artificially
corrected real time data set, where we eliminate any errors in the budget deficit
estimate.

Specifically, we take the ex post data for the unadjusted balance, and sub-
tract from it the real time estimate of the cyclical component of budget balance.
The only possible source of discrepancy remaining between this constructed
time series and the ex post data, is errors in the real time cyclical adjustment
process.16

16The intuition of this technique can be characterised by imagining that at the end of every
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We then repeat the analysis of the previous section, substituting real time
data for our hypothetical data. The results are shown below in Table 5.

Table 5: Hypothetical versus Ex Post Data: Slippage of more than 1.5pp in
one year

Correct False Missed Correct
Alarm Alarm Alarm All Clear

Fiscal Slippage:
CAB worsens by more than 1.5pp

Frequency 10(+4) 5(+2) 6(−4) 207(−2)
Average RT Change −2.35 -2.07 −0.95 −0.03
Average EP Change −2.38 −0.03 −1.73 0.29

Fiscal Loosening (Full Sample):
change in CAB is +0.5pp or less

Frequency 84(+11) 34(−25) 2(−11) 108(+25)
Average RT Change −0.77 0.20 1.56 0.11
Average EP Change −0.94 0.11 −0.46 0.61

Fiscal Loosening (Restricted Sample):
change in CAB is +0.5pp or less

Frequency 23(+12) 9(−1) 0(−12) 24(+1)
Average RT Change −0.60 0.24 − 0.15
Average EP Change −0.83 0.15 − 1.38

Source: OECD Economic Outlook 58–84, authors’ own calculations.
Note: numbers in the brackets report the difference compared to the

real time case as reported in Table 2.

For the slippage tests, the hypothetical data is better than the real time data.
With the trigger set at −1.5pp, an extra four fiscal slippages are picked up,
but still more than a third of slippages go undetected. However, the number of
false alarms actually rises to five. Thus our hypothetical data actually performs
even worse than the real time data.

The fact significant errors remain even after eliminating the effect of mea-
surement error in the fiscal balance shows that the cyclical adjustment process
is, in itself, a source of significant real time measurement errors. For the sig-
nificant improvement test, a similar picture emerges. On the full sample, the
hypothetical data detects an additional 11 slippages, virtually eliminating the
problem of missed alarms; and the number of false alarms falls by 25. How-

year, a hypothetical statistician is handed the ex post data on the budget deficit to GDP ratio,
which he/she must then cyclically adjust using the real time data available at the time.
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ever, more than a quarter of alarms are still false. Restricting the sample to
countries with a real time actual deficit of more than 3% tells a similar story.
The number of missed alarms falls to zero, but only one false alarm is elimi-
nated.

These results also demonstrate that significant real time data errors exist
which are not the result of creative accounting by governments. Although the
data on actual deficits are determined by the OECD in consultation with the
national governments17 the cyclical adjustment is done solely by the OECD, on
the basis of the OECD’s estimated output gap and budgetary elasticities. Thus,
the only source of measurement error in these hypothetical data series is in
the cyclical adjustment process, which by construction is entirely independent
of national governments and hence cannot be due to creative accounting by
governments.

4. Data Revisions and Fiscal Slippages: Is there a
link?

We now consider how the error associated with real time CAB figures
varies with the size of fiscal imbalance and the change in the ex post CAB
figures. These asymmetries are potentially important, because from the point
of view of fiscal surveillance, the authorities will be particularly interested in
those countries who have CABs that are negative (or close to zero) and which
are declining. If the CAB tends to be less efficient for, say, high and rising
CAB surpluses, then this is may be less of a problem from the monitors’ point
of view than if the real time CAB performs more poorly for countries with
worse fiscal health.

To check on this, we perform a regression analysis, to gauge which vari-
ables can explain the measurement error. The error, ub̄, is defined as a dif-
ference between the real time CAB estimate and the ex post measure, ub̄

t =
b̄t|t − b̄t|2008. Since the dependent variable is the real time measurement er-
ror, a positive coefficient indicates an overly optimistic real time figure (i.e.
a better CAB position in real time than ex post). We estimate five equations,
each of them is estimated as a panel with fixed effects used to mop up country
specific effects. The results are tabulated in Table 6.

The baseline result is regression I. The constant is positive and significant,
indicating that on average the real time CAB is 47 basis points more positive

17Note however, the point raised earlier that the OECD still applies it’s own judgements
and does not take national governments figures at face value. See also Beetsma and Giuliodori
(2008) for supporting arguments that OECD figures are independent.
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than the ex post figure. The level of the ex post CAB, b̄t|2008, is not significant,
indicating that the real time measurement error is not correlated with the ex
post state of public finances. However, the change in the CAB, ∆b̄t|2008, is
significant, and has a negative sign. That means that the real time CAB fig-
ure tends to be overoptimistic when public finances are worsening, but over
pessimistic when public finances are improving.

Table 6: Errors in the Real Time CAB

Regression
I II III IV V

Dependent variable: ub̄
t

constant 0.476∗∗∗ 0.334∗∗∗ 0.394∗∗∗ 0.209∗∗ 0.207∗∗

b̄t|2008 −0.000 −0.013 −0.038
bt|2008 −0.056 −0.050
ct|2008 0.254∗∗∗ 0.228∗∗∗

∆b̄t|2008 −0.620∗∗∗ −0.514∗∗∗ −0.512∗∗∗ −0.473∗∗∗

∆bt|2008 −0.462∗∗∗

∆ct|2008 0.382∗∗∗

b̄2
t|2008 −0.010

(∆b̄t|2008)2 −0.005

ub̄
t−1 0.407∗∗∗ 0.410∗∗∗ 0.353∗∗∗ 0.373∗∗∗

Adj.R2 0.415 0.585 0.626 0.611 0.611
Nob 228 228 228 228 228

Source: OECD Economic Outlook 58–84, authors’ own calculations.
Note: ∗∗ and ∗∗∗ denote statistical significance at 5% and 1% significance

level respectively, Nob — number of observations.

The addition of a lagged dependent variable (regression II) results in a sig-
nificant (positive) coefficient, indicating that measurement errors are serially
correlated. It does not materially affect the sign, magnitude or statistical signif-
icance of the other coefficients. Regression III then tests for possible asymet-
tries, by adding in the square ex post CAB, and the square of the change in
the CAB. The coefficient on both variables is insignificant, thus providing no
evidence of an asymmetry.18

18As a further check, these regressions were repeated with the modulus of the level and
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It could be that the link between real time measurement error varies, de-
pending on the extent to which the CAB shows up in the overall balance.19 To
test this, in regression IV, the ex post CAB (level and change) is decomposed
into its constituents parts, i.e. actual budget balance, b, and cyclical compo-
nent, c. The identities utilised here are b̄t|2008 = bt|2008 − ct|2008 for the level
data and ∆b̄t|2008 = ∆bt|2008 − ∆ct|2008 for the change in the CAB. If the de-
composition is unnecessary, then the coefficient on the level or change of b and
c should sum to zero.20 This restriction is rejected for the level coefficients,
but not for the change coefficients. Thus, the source (cyclical component or
overall balance) only matters for the level of the CAB, but not for the change.

Thus regression V represents our preferred specification — a joint coeffi-
cient for the change in the CAB, but separate ones for the levels. Successive
modifications to the specification reduce the value the constant term, but it still
remains significant, implying that on average real time CAB figures underes-
timate the ex post figures by about 20 basis points.

The coefficient on ∆b̄ remains negative and significant, meaning that real
time CAB figures are overly optimistic during fiscal loosenings and overly
pessimistic during fiscal tightenings.

Finally the coefficient b is insignificant, but the coefficient on c is significant
and negative. That implies that the overall balance does not affect the real time
measurement error of the CAB. However, a strong cyclical position results in
an overly pessimistic assessment of the CAB, and a weak cyclical position
results in an overly negative assessment of the CAB.

These results are robust to various different treatments of panel effects.
Including year effects, and/or removing country effects makes no difference
to the sign or significance of the coefficients, nor does it make large changes
to their magnitudes. The same goes for using random effects in place of fixed
effects.

change in the CAB in place of their squared values. This alternative specification found no
evidence of an asymmetry.

19Consider two equally sized changes to the CAB. In the first, the cyclical component of
the budget balance does not change, and so the whole CAB change shows up one-for-one in
the total balance. In the second, the change in the CAB is entirely offset by a change in the
cyclical component, and hence the total balance is unchanged (for example, a government
spending extra revenues during a boom time). Although the size of the changes is identical, it
could be that the first one was easier to spot because it showed up in the overall balance.

20Or equivalently, the coefficient on b is equal to minus one times the coefficient on c.
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5. Concluding Remarks

This paper investigates the accuracy of real time CAB figures in three ways.
First, the OECD’s own real time figures are actually slightly worse at forecast-
ing the final OECD figure than a simple benchmark method is. Second, CAB
figures perform poorly in identifying episodes of fiscal slippage and at cor-
rectly picking out the sign of the change in the ex post balance. Third, there
is a systematic pattern to the real time measurement errors which implies that
they are over optimistic during times of fiscal slippage (and over pessimistic
in times of fiscal tightening).

Taken together, these provide strong evidence that in real time CABs are
rather poor and inaccurate measures of fiscal stance. That suggests that caution
should be applied in using them as a tools for fiscal monitoring. Broadly
speaking, we find roughly equal contributions of deficit measurement and the
cyclical adjustment process to the overall measurement error.

In terms of the existing literature, our results suggest that caution should be
taken in the interpretation of an ex post CAB as a measure of the policymaker’s
desired fiscal stance. Many fiscal slippages which show up ex post were not
apparent at the time; and conversely many apparent episodes of real time fiscal
slippage turn out not to be so when ex post data is used. By demonstrating the
large magnitude of the real time measurement error, our results support the
argument of Orphanides (2001) that attempts to empirically estimate policy-
makers’ reaction functions should be based on real time rather than ex post
data.

On the policy front, our results suggest that attempts to monitor fiscal poli-
cies using CABs should be approached with even greater caution. Similarly,
attempts to use CABs in a rule based framework (such as the SGP) may be
subject to enforcement difficulties. Governments could legitimately claim that
the data on the CAB were too preliminary, and could argue that more time
was needed to accurately gauge the fiscal stance. A more aggressive stance
by monitors and/or enforcers of such rules could be difficult, because it would
lead to allegations of “crying wolf”, i.e. frequently issuing alarmist statements
which are later found to be unfounded.
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