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              Abstract 

This paper investigates the differences between real-time and ex-post output gap estimates using 

a newly-constructed international real-time data set over the period from 1973:Q1 to 2007:Q2. 

We extend the findings in Orphanides and van Norden (2002) for the United States that the use 

of ex-post information in calculating potential output, not the data revisions themselves, is the 

major cause of the difference between real-time and ex-post output gap estimates to nine 

additional OECD countries. The results are robust to the use of linear, quadratic, Hodrick-

Prescott, and Baxter-King detrending methods. By using quasi real-time methods, reliable real-

time output gap estimates can be constructed with revised data. 
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1. Introduction 

An important measure of economic activity is the output gap, the percentage deviation of 

real output from its long-run trend. The output gap is central to the Phillips Curve where, if 

actual output exceeds its potential level, inflation tends to rise and, if it is below potential, 

inflation tends to fall. It is also central to the Taylor rule for monetary policy, where a positive 

output gap calls for an increase in the interest rate.   

Policymakers and researchers face uncertainties while estimating output gaps. Some of 

these uncertainties are common to both, as the choice of the data, the model, and the detrending 

technique could result in different output gap estimates. Other types of uncertainties are 

idiosyncratic. Policymakers estimate output gaps using real-time data, tautologically defined as 

the data available to policymakers at the time they are making decisions. Researchers, however, 

typically conduct policy evaluation using revised data that incorporates information available at 

the time the research is conducted. Output gaps estimated based on real-time data do not allow 

one to distinguish whether recent changes in the gap are caused by changes in the trend or by 

fluctuations around the trend. This end-of-sample uncertainty can cause serious problems for 

policy setters who are required to make decisions in real-time. While policymakers would prefer 

to have revised data, which better reflects the “true” state of the economy, this is obviously 

impossible.
1
 Researchers conducting policy evaluation, in contrast, would prefer real-time data 

that better reflects the information available to policymakers.  

Starting with Orphanides (2001), much research has been conducted on the impact of 

using real-time data for monetary policy evaluation, typically in the context of estimated Taylor 

rules that include inflation and output gaps. Since the differences between real-time and revised 

inflation are almost always much smaller than the differences between real-time and revised 

output gaps, accurate estimation of real-time output gaps is central to this work. We will stipulate 

that, if real-time data is available, it should be used for policy evaluation. The purpose of this 

paper is to investigate what researchers should do if real-time data is not available. 

Two factors explain the differences between ex-post and real-time output gap estimates. 

First, output gaps estimated in real-time may be different than output gaps estimated with revised 

data due to subsequent revisions in the output data itself. Second, with the arrival of new data, 
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 Policymakers can, of course, attempt to forecast data revisions.  These forecasts, however, would constitute real-

time data. 
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the trend may change even in the absence of data revisions. Orphanides and van Norden (1999, 

2002) argue that ex-post revisions of the estimated gap are of the same magnitude as the 

estimated gap itself. Using a selection of detrending techniques to estimate potential output, they 

find low correlations between real-time and revised estimates of U.S. output gaps. In the absence 

of real-time data, they propose constructing quasi real-time output gaps to proxy real-time output 

gap estimates. Quasi real-time estimation is based on ex-post revised data where the trend does 

not contain future observations, so that the gap at period t is calculated using only observations 

through period t. They report high correlations between real-time and quasi real-time estimates 

of the U.S. output gap, leading them to conclude that most of the differences between real-time 

and revised estimates of the output gap arise from including realized future output series for the 

calculation of the trend, not from the data revisions themselves.  

A number of subsequent studies have focused on uncertainty of output gap estimates with 

real-time data for a single country. Using Canadian real-time data with vintages from 1972:Q1 to 

2003:Q4, Cayen and van Norden (2005) provide evidence that data revisions are likely to be 

more important for Canada than for the U.S. Nelson and Nikolov (2003) document the 

differences between real-time and revised output gap estimates for the U.K. using a real-time 

dataset from 1962:Q4 to 2000:Q4. They also find that real-time output gap estimates contain 

substantial errors and are on average larger in the U.K. than in the U.S. Garratt et al. (2009) 

reports a similar conclusion as Nelson and Nikolov for the U.K. using the Bank of England’s 

real-time database. Bernhardsen et al. (2005) find that data revisions are less important than 

uncertainty about the trend at the end of the sample in estimating the output gap using real-time 

data for Norway from 1993:Q1 to 2003:Q4. Kamada (2005) compares GDP and non-GDP based 

real-time output gap estimates for Japan and finds that GDP based output gap measures are 

subject to severe real-time estimation problems. Using real-time GDP data for Australia from 

1971:Q4 to 2001:Q4, Gruen et al. (2002) find that the output gap estimates obtained using real-

time data are quite reliable, with the correlation between the real-time and revised output gaps 

over 0.8. Clausen and Meier (2005) construct a real-time dataset for Germany and calculate 

various measures of the output gap to estimate an interest rate reaction function. Döpke (2004) 

analyses output gap estimates based on real-time German GDP data from 1980:Q1 to 2001:Q4 

and generally finds relatively low correlations between both real-time and revised and quasi real-
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time and revised estimates. Mitchell (2003) finds substantial uncertainty in output gap density 

estimates using real-time data for the Euro area from 1992:Q3 to 2003:Q1.  

These studies use different series, sample periods, and methods to estimate real-time 

output gaps for a single country, and therefore do not allow for a comparison across countries. In 

order to provide such a comparison, we construct a real-time data set for 10 OECD countries 

based on information published in the International Financial Statistics (IFS) books from 

1973:Q1 to 2007:Q2. Because GDP was not reported with sufficient consistency to construct 

reliable real-time data for these countries, we measure output by the Industrial Production Index. 

For three of the ten countries, Germany, the U.K., and the U.S., for which real-time GDP data is 

available from other sources, we compare the results using both output measures. 

We confirm the findings in Orphanides and van Norden (2002) for all 10 countries. For 

each country, the correlations between real-time and revised output gap estimates are low while 

the correlations between real-time and quasi real-time output gap estimates are high, implying 

that changes in the trend as the sample increases play a more important role in output gap 

estimation than the data revisions themselves. The results are robust to various types of 

detrending. The same pattern of correlations found with Industrial Production Index data is also 

found for Germany, the U.K., and the U.S. with GDP data. Our results show that, if real-time 

GDP data is not available, output gap estimates based on quasi real-time data can be used as a 

reliable measure of real-time economic activity. 

 

2. Output Gap Estimation Methods 

The output gap is defined as the deviation of actual output from potential output. As there 

is no consensus in the literature on how to define potential output, we use the most common 

techniques in the literature and calculate the output gap as the percentage deviation of actual 

output from a linear time trend, a quadratic time trend, a Hodrick-Prescott (1997) (HP) trend, and 

Baxter and King (1999) (BK) trend. All of these detrending methods decompose the log of real 

output,  measured by the industrial production index, into a trend component,  and a cycle 

component : 

                                                                                                                (1) 
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1.  Linear Time Trend. The trend is a deterministic linear function of time. The log of real output 

 is regressed on a constant term and a linear time trend, X= {1 t}. The output gap is derived 

from the residuals from this OLS regression.  

2. Quadratic Time Trend. A quadratic term is added in the deterministic component, X= {1 t t
2
}. 

The residuals from the regression constitute the output gap.  

3. Hodrick-Prescott (HP) Filter. One of the most popular detrending techniques is suggested by 

Hodrick and Prescott (1997). The output gap is calculated by minimizing the loss-function, 

                           L= argmin + λ                                   (2) 

where = . The smoothness parameter λ punishes the variability in the trend component. 

An increase in the value of λ makes the trend component smoother, and the trend component 

becomes a linear trend as λ approaches to infinity. Following convention, we choose λ=1600 to 

detrend quarterly series.
2
 To handle the end-of-sample distortions created by the filter, we apply 

the technique proposed by Watson (2007) by using an AR (8) model to forecast the log of output 

12-quarters ahead before applying the filter.
3
 This is particularly important for real-time and 

quasi-real-time data, where every output gap estimate is calculated at the end of the sample. 

4. Baxter-King (BK) Filter. Another popular detrending technique is suggested by Baxter and 

King (1999). The BK filter is a symmetric filter that admits frequency components between 6 

and 32 quarters in a time series, and is also subject to the end-of-sample problem. We apply the 

same method proposed by Watson (2007) for the HP filter to get an estimate of output gaps at the 

end of the sample. In order to impose a unit weight constraint at zero frequency, the optimal 

filter weights,  are modified as functions of the weights of the ideal band-pass filter,  where 

 and . K is the moving average lag length.  

 

3. Data  

Real-time data has a triangular format, where columns represent vintages of data, or dates 

when the data series is published, and rows represent calendar dates. Figure 1 illustrates the 

structure of real-time data using the first 11 vintages of Canadian industrial production index as 

an example. Each column represents a series of industrial production available to market 

participants in every quarter, and each row shows how an observation for each particular date has 

                                                           
2
 See for instance van Norden (1995) and St-Amant and van Norden (1998) for detailed discussion of HP Filter. 

3
 Mise, Kim, and Newbold (2005) also show that HP filter is suboptimal at the end points. 
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been revised over time. For example, the first column shows that the series that was published in 

IMF International Financial Statistics (IFS) issue for 1973:Q1. The industrial production index 

series in each data vintage that is used to estimate the output gap goes back to 1958:Q1. The 

revised data is constructed from the 2007:Q2 vintage, which is the last vintage for all the 

countries in our sample. 

3.1 Real-Time Datasets for the U.S., Germany, and U.K.  

Real-time data sets for the United States, Germany, and United Kingdom are publicly 

available and real GDP/GNP is used as a proxy for real output in these datasets. The real-time 

dataset for the U.S. comes from the Federal Reserve Bank of Philadelphia and is described in 

detail in Croushore and Stark (2001). We use U.S. real GDP vintages from 1973:Q1 to 2007:Q2, 

and the data in each vintage goes back to 1947:1. For each available vintage, the new value 

becomes available with a one-quarter lag.  

For Germany, the real-time data set is collected by Gerberding, Worms, and Seitz (2005) 

at the Bundesbank. The vintages are available from 1973:Q1 to 1998:Q4. Data points in each 

vintage start in 1962:Q1 and are updated with a one-quarter lag. In order to have endpoint as the 

other real-time data sets, we extend the vintages through 2007:Q2 by splicing OECD real-time 

GDP data for Germany with the Bundesbank data.
4
    

Real-time real GDP data for U.K. is available from the Bank of England’s real time 

database.
5
 The main body of the database contains quarterly vintages of data published since the 

first quarter of 1990, so that the Bank of England real-time data consists of vintages from 

1990:Q1 to 2007:Q2. Real GDP is updated every year following the publication of the Office for 

National Statistics (ONS) Blue Book. The data in each vintage starts in 1970:Q1 and is updated 

with a one-quarter lag. 

3.2 IFS Real-Time Dataset 

Real-time data sets are not, however, available for most countries. We construct a real-

time data set for 10 OECD countries, Australia, Canada, France, Germany, Italy, Japan, 

Netherlands, Sweden, the United Kingdom, and the United States, using the International 

Monetary Funds (IMF) International Financial Statistics (IFS) country pages. The IFS is the 

                                                           
4
 http://stats.oecd.org/Index.aspx?querytype=view&queryname=206 

5
 http://www.bankofengland.co.uk/statistics/gdpdatabase/index.htm 
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IMF’s principal statistical publication, and has been published monthly since January 1948. The 

country pages show major economic aggregates.  

We use seasonally adjusted industrial production index (IFS line 66) as a proxy for real 

output. Industrial production indexes are included as indicators of current economic activity and 

for some countries they are supplemented by indicators relevant to a particular country (such as 

tourism). Generally, the coverage of industrial production indexes consists of mining and 

quarrying, manufacturing and electricity, and gas and water. The indexes are computed using the 

Laspeyres formula.  

The three alternative real-time datasets for the U.S., Germany, and U.K. described in 

Section 3.1 use real GDP/GNP as a proxy for real output. Unfortunately, the real GDP/GNP data 

is not consistently available for all the countries in the IFS country tables. For some countries, 

especially early in the sample period, real GDP/GNP is either reported annually or reported with 

a long lag. In contrast to GDP, the industrial production index is updated regularly and made 

available on a monthly basis. Each vintage in our quarterly real-time data set comprises the data 

available as of the middle month (February, May, August, and November) of a given quarter. For 

the 10 OECD countries, including the U.S, used in this study the IFS dataset covers the vintages 

from 1973:Q1 to 2007:Q2 with data series in each vintage starting in 1958:Q1.  

 

4. Measuring Output Gap Uncertainty 

The four detrending methods discussed in Section 2 are applied to each real-time dataset 

in three different ways to decompose either real GDP or the industrial production index into 

trend and cycle components and to characterize the role that the revisions play in output gap 

estimation. We follow Orphanides and van Norden (2002) in constructing and comparing real-

time, quasi real-time, and revised estimates of the output gap.
6
   

To construct real-time output gaps, we first estimate the output gap for the last date in 

each series, starting with 1958:Q1 – 1973:Q1 and ending with 1958:Q1 – 2007:Q1, using the 

data available in each quarter from 1973:Q2 to 2007:Q2. We then use these vintages of estimated 

output gaps to construct a new series of real-time output gaps by pairing vintage dates with the 

last available observations in each quarter, generally available with a one-quarter lag. In order to 

construct revised output gap estimates, we use the last vintage, 2007:Q2, in each dataset. The 

                                                           
6
 Orphanides and van Norden (2002) refer to revised output gap estimates as “final” estimates in their work.  
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entire series available in the last vintage date is used to estimate the revised trend. Quasi real-

time output gaps are constructed in exactly the same way as real-time output gaps, using the data 

up to period t to estimate the output gap for period t, but are estimated using revised data.  

Output gaps estimated using the same techniques with real-time and revised data might 

be different because of (1) the data revisions themselves and (2) the additional observations with 

revised data affect the trend which measures potential output and, therefore, the deviations from 

the trend.
7
 Real-time and quasi real-time output gaps are estimated using data for exactly the 

same period and differ only because of the revisions in the data. Revised and quasi real-time 

output gaps differ only because of changes in the trend. The use of real-time, quasi real-time, and 

revised estimates allows us to compare the importance of the two factors and determine whether 

reliable estimates of real-time output gaps can be constructed with revised data. 

 

5. Results 

5.1 Output Gap Estimates for Germany, U.S., and U.K Using IFS and Alternative Real-Time 

Data Sets 

The relationships between real-time, revised, and quasi real-time output gap estimates are 

first examined visually by plotting them in pairs for the U.S. Figure 2 displays HP filtered output 

gap for the U.S. estimated using the Philadelphia Fed real-time dataset as in Orphanides and van 

Norden (2002), extending the sample size to 2007:Q2.
8
 Two observations can be made based on 

visual examination of three panels, which depict real-time and revised output gaps (Panel A), 

quasi real-time and revised output gaps (Panel B), and real-time and quasi real-time output gaps 

(Panel C). First, both real-time and revised estimates and quasi real-time and revised estimates 

on Panels A and B exhibit substantial differences throughout the sample. Second, the differences 

between real-time and quasi real-time output gap estimates on Panel C are much less 

pronounced.
9
 

Table 1 provides summary statistics for four output gap measures estimated using real-

time, revised, and quasi real-time data for Germany, U.K., and the U.S, which illustrates these 

                                                           
7
 Orphanides (2003) mentions the difficulty of estimating real-time output gap in the presence of trend shifts that 

occur due to the arrival of new data.  
8
 Orphanides and van Norden (2002) use 2000:Q1 as revised data, and we use 2007:Q2. 

9
 While output gaps estimated using other detrending methods sometimes differ in sign and/or magnitude from the 

HP filtered gaps, the differences between real-time, revised, and quasi real-time output gap estimates show similar 

patterns as in Figure 2.  
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points in a more formal way. Panels A, C, and F report summary statistics calculated using real 

GDP data from the Bundesbank, the Bank of England and the Philadelphia Federal Reserve 

Bank, respectively, while Panels B, D, and F rely on industrial production index from IMF 

International Financial Statistics.  

The average German, U.S., and U.K. real-time and quasi real-time output gap estimates 

are very close and negative for all output gap measures except the output gap estimated using 

quadratic trend, while the average revised output gap estimates for the three countries are 

positive and close to zero.
10

 The differences between the average real-time and revised output 

gap range between 0.7 and 14.8 percentage points for Germany, 0.8 and 6.4 percentage points for 

U.K., and 0.3 and 7.2 percentage points for the U.S. The differences between the average quasi 

real-time and revised output gap estimates range between 0.6 and 14.8 percentage points for 

Germany, 0.6 and 5.2 percentage points for the U.K., and 0.2 and 6.3 percentage points for the 

U.S. Thus, the finding in Orphanides and van Norden (2002) that the revisions in the U.S. output 

gap are of the same order of magnitude as the estimated output gaps can be extended to Germany 

and U.K. 

Tables 2-4 report the correlations between quasi real-time and real-time, real-time and 

revised, and quasi real-time and revised output gap estimates for the U.S., Germany, and the 

U.K. Panels A and B of each table report correlations obtained using alternative real-time dataset 

(Bundesbank, Bank of England, and Philadelphia Federal Reserve Bank real-time datasets) and 

the IFS dataset, respectively.  

Table 2 reports correlations for the U.S. output gap estimates based on the two datasets 

that span the same time period, from 1973:Q1 to 2007:Q2. The correlations between real-time 

and quasi real-time output gap estimates range from 0.844 for the linear trend to 0.946 for the 

quadratic trend using the Philadelphia Fed real-time data. The correlations between real-time and 

revised estimates, however, are much lower, ranging from 0.595 for the linear trend to 0.749 for 

the BK filtered output gap while the correlations between revised and quasi real-time estimates 

are in between, ranging from 0.624 for the quadratic trend to 0.777 for the BK filtered output 

gap. 

                                                           
10

 One would expect the average revised output gap to be close to zero. Although we calculate the trend starting 

from the initial data point in each vintage, the statistics are reported for the output gaps estimated starting from 

1990:Q1 for the Bank of England’s real-time data and 1973:Q1 for the other two countries. 
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The correlations obtained using the IFS dataset are close to those obtained with 

Philadelphia Fed dataset. The correlations between real-time and quasi real-time output gap 

estimates range from 0.939 for the linear trend to 0.949 for the quadratic trend, while the 

correlations between real-time and revised estimates are lower, ranging from 0.493 for the 

quadratic trend to 0.782 for the BK filtered output gap. Thus, the output gaps calculated using 

both real GDP (Philadelphia Fed) and industrial production index (IFS) data demonstrate high 

correlations between real-time and quasi-real output gap estimates and relatively low correlations 

between real-time and revised output gap estimates. 

Table 3 reports correlations for output gap estimates using the Bundesbank and IFS real-

time datasets for Germany. Using Bundesbank data, the correlations between real-time and quasi 

real-time output gap estimates are high, ranging from 0.898 for the HP filter to 0.942 for 

quadratic trend. The correlations between real-time and revised estimates are again much lower, 

ranging from -0.100 for quadratic trend to 0.718 for linear trend while the correlations between 

revised and quasi real-time estimates are in between, ranging from 0.010 for the quadratic trend 

to 0.749 for the BK filtered output gap. The results obtained using IFS data display a similar 

pattern. The correlations between real-time and quasi real-time estimates range from 0.962 for 

the linear trend to 0.982 for the quadratic trend, the correlations between real-time and revised 

estimates range from 0.187 for the quadratic trend to 0.699 for the HP filter, and the correlations 

between revised and quasi real-time estimates range from 0.226 for the quadratic trend to 0.702 

for the HP filter.
11

    

Table 4 reports the correlations between U.K. output gap estimates obtained using the 

Bank of England and IFS real-time datasets. Using Bank of England data, correlations between 

real-time and quasi real-time output gap estimates range from 0.961 for the HP filter to 0.973 for 

the linear trend. The correlations between real-time and revised estimates are lower and range 

from 0.565 to 0.918, while the correlations between revised and quasi real-time estimates range 

from 0.677 for the HP filter to 0.965 for the linear trend. With IFS data, the correlations between 

real-time and quasi real-time output gap estimates range from 0.941 for the HP filter to 0.955 for 

the linear trend. The correlations between real-time and revised estimates are lower, ranging 

from 0.397 for the quadratic trend to 0.753 for the BK filtered output gap, while the correlations 

                                                           
11

 These results are in accord with Clausen and Meier (2005), who find low correlations between real-time and 

revised output gaps for Germany using the same sample period 1973Q1 to 1998:Q4 with Bundesbank data set. 
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between revised and quasi real-time estimates range from 0.355 for the quadratic trend to 0.771 

for the BK filter. 

5.2 Output Gap Estimates for 7 OECD Countries Using IFS Real-Time Data Set 

Central bank real-time data that spans the period from 1973:Q1 are not available for other 

OECD countries and were collected from IMF International Financial Statistics country pages. 

Table 5 reports summary statistics for four output gap measures estimated using real-time, 

revised, and quasi real-time data for Australia, Canada, France, Italy, Japan, Netherlands, and 

Sweden. While the means of real-time and quasi real-time output gap estimates are negative with 

the linear trend, the HP filter, and the BK filter, they are positive with the quadratic trend. The 

differences between real-time and revised output gap estimates for these countries (ranging from 

0.7 percentage points for Sweden to 38.9 percentage points for Japan) are relatively much larger 

than the differences between real-time and quasi real-time output gap estimates (varying from 0 

for France, Netherlands, and Sweden to 1.3 percentage points for Italy).      

Table 6 reports the correlations between real-time and quasi real-time, real-time and 

revised, and quasi real-time and revised output gap estimates obtained using IFS data for 

Australia, Canada, France, Italy, Japan, Netherlands, and Sweden. The correlations between real-

time and quasi-real time estimates for Canada, France, Japan, Netherlands, and Sweden are 

higher than either the correlations between real-time and revised estimates or the correlations 

between quasi real-time and revised estimates. This result does not depend on which detrending 

technique is used. Correlations between real-time and quasi-real time estimates vary from 0.925 

to 0.975 for Canada, from 0.898 to 0.976 for France, from 0.961 to 0.992 for Japan, from 0.860 

to 0.959 for Netherlands, and from 0.875 to 0.944 for Sweden. Quasi-real time output gap 

estimates constitute a good proxy measure for real-time output gap estimates.  

Although the correlations between real-time and quasi-real time estimates for Australia 

and Italy are always higher than the correlations between real-time and revised estimates, they 

are not always higher than the correlations between quasi real-time and revised estimates. For 

Australia (Panel A), while the highest correlations with linear and quadratic trend are observed 

between real-time and quasi-real estimates, the highest correlations with HP Filter and BK Filter 

are between quasi real-time and revised estimates. The results for Italy (Panel D) are similar to 

those for Australia. The linear and quadratic trends produce the highest correlations between 
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real-time and revised estimates and the HP and BK filters produce the highest correlations 

between quasi real-time and revised estimates.  

 

6. Conclusions 

Although the output gap plays an important role in the design of monetary policy for 

central banks, constructing reliable measures of output gaps presents a challenge. Since real-time 

and revised output gaps can differ significantly, real-time output gaps can provide an inaccurate 

representation of what will later be understood to have been the “true” output gap, and the use of 

output gaps estimated with ex-post data can lead to an inaccurate assessment of the information 

available to policymakers. 

For the United States, Orphanides and van Norden (2002) find that changes in the trend 

from extending the sample play a much more crucial role in the difference between real-time and 

revised output gap estimates than the data revisions themselves. We extend their work by 

constructing a real-time data set for 10 OECD countries using industrial production index data 

published in the International Financial Statistics books from 1973:Q1 to 2007:Q2. We also use 

real-time GDP data for three countries – Germany, the United Kingdom, and the United States – 

for which the data is available from alternate sources. Using a variety of output measures and 

detrending techniques, we find that the correlations between real-time and revised output gap 

estimates are low for each country and the correlations between real-time and quasi real-time 

output gap estimates are high for each country, confirming their findings for all 10 countries. 

In order to conduct policy evaluation, such as estimation of Taylor rules, researchers 

would prefer to have real-time need output gap data that reflects the information available to 

policymakers. Unfortunately, real-time data needed to construct real-time output gaps is only 

available for very few countries. We show that, if real-time data is not available, one can 

substitute quasi real-time gaps constructed by using revised data, but only estimating the trends 

through the date of the gap. In this manner, researchers can construct reliable real-time output 

gap estimates with revised data.     



 
 

12 

REFERENCES 

 

Bernhardsen, T., Eitrheim, Ø., Jore, A.S., Roisland, Ø., 2005. “Real Time Data for Norway: 

Challenges for Monetary Policy,” The North American Journal of Economics and Finance 16, 

333-349. 

 

Cayen, J.-P., van Norden, S., 2005. “The Reliability of Canadian Output Gap Estimates,” The 

North American Journal of Economics and Finance 16, 373-393.  

 

Clausen, J.R., Meier, C.-P., 2005. “Did the Bundesbank Follow a Taylor Rule? An Analysis 

Based on Real-Time Data,” Swiss Journal of Economics and Statistics 127, 213-246. 

 

Croushore, D., Stark, T., 2001. “A Real-Time Data Set for Macroeconomists,” Journal of 

Econometrics 105, 111-130. 

 

Döpke, J., 2004. “Real-Time Data and Business Cycle Analysis in Germany,” Journal of 

Business Cycle Measurement and Analysis 1, 337-361. 

 

Garratt, A., Lee, K., Mise, E., Shields K., 2009. “Real Time Representation of the Output Gap in 

the UK in the Presence of Model Uncertainty,” International Journal of Forecasting 25, 81 – 

102. 

 

Gerberding, C., Seitz, F., Worms, A., 2005. “How the Bundesbank Really Conducted Monetary 

Policy:  An Analysis Based on Real-Time Data,” The North American Journal of Economics and 

Finance 16, 277-292. 

 

Gruen, D., Robinson, T., Stone, A., 2002. “Output Gaps in Real Time: Are They Reliable 

Enough to Use for Monetary Policy?” Reserve Bank of Australia Research Discussion Paper 

2002-06. 

 

Hodrick, R.J., Prescott, E.C., 1997. “Postwar U.S. Business Cycles: An Empirical Investigation,” 

Journal of Money, Credit, and Banking 29, 1-16. 

Mise, E., Kim, T.-H., Newbold, P., 2005. “On Suboptimality of the Hodrick-Prescott Filter at 

Time Series Endpoints,” Journal of Macroeconomics 27, 53-67. 

 

Mitchell, J., 2003. “Should We Be Surprised by the Unreliability of Real-Time Output Gap 

Estimates? Density Estimates for the Euro Area,” Manuscript, National Institute of Economic 

and Social Research. 

 

Nelson, E., Nikolov, K., 2003. “UK Inflation in the 1970s and 1980s: The Role of Output Gap 

Mismeasurement,” Journal of Economics and Business 55, 353-370. 

 

Orphanides, A., 2001. “Monetary Policy Rules Based on Real-Time Data,” American Economic 

Review 91, 964-985. 

 



 
 

13 

Orphanides, A., 2003. “The Quest for Prosperity without Inflation,” Journal of Monetary 

Economics 50, 633-663. 

 

Orphanides, A., van Norden, S., 1999. “The Reliability of Output Gap Estimates in Real Time,” 

Board of Governors of the Federal Reserve System, Finance and Economics Discussion Series, 

1999-38. 

 

Orphanides, A., van Norden, S., 2002. “The Unreliability of Output Gap Estimates in Real 

Time,” Review of Economics and Statistics 84, 569-583. 

 

St-Amant, P., van Norden, S., 1998. “Measurement of the Output Gap: A Discussion of Recent 

Research at the Bank of Canada,” Bank of Canada Technical Report 1998-79.  

 

Kamada, K., 2005. “Real-time Estimation of the Output Gap in Japan and Its Usefulness for 

Inflation Forecasting and Policymaking,” North American Journal of Economics and Finance 

16, 309-332. 

 

van Norden, S., 1995.” Why Is It So Hard to Measure the Current Output Gap?” Manuscript, 

Bank of Canada.  

 

Watson, M., 2007. “How Accurate Are Real-Time Estimates of Output Trends and Gaps?” 

Federal Reserve Bank of Richmond Economic Quarterly 93, 143-161. 



 
 

14 

 

Vintage 1973Q1 1973Q2 1973Q3 1973Q4 1974Q1 1974Q2 1974Q3 1974Q4 1975Q1 1975Q2 1975Q3 

Date            

             

1958Q1 73.87 73.87 73.87 73.87 73.87 73.87 73.87 73.87 73.87 73.87 73.87 

1958Q2 75.14 75.14 75.14 75.14 75.14 75.14 75.14 75.14 75.14 75.14 75.14 

1958Q3 73.87 73.87 73.87 73.87 73.87 73.87 73.87 73.87 73.87 73.87 73.87 

1958Q4 75.77 75.77 75.77 75.77 75.77 75.77 75.77 75.77 75.77 75.77 75.77 

… … … … … … … … … … … … 

1972Q1 164.90 164.90 164.90 164.90 166.40 166.40 166.27 166.27 167.79 167.79 167.79 

1972Q2 170.10 168.40 168.40 168.40 169.40 169.40 169.31 169.31 170.37 170.37 170.37 

1972Q3 168.30 168.40 168.40 168.40 168.70 168.70 168.70 168.70 170.22 170.22 170.22 

1972Q4 . 175.30 175.60 175.60 177.40 177.40 177.35 177.35 178.41 178.41 178.41 

1973Q1 . . 180.70 180.70 182.50 182.50 182.51 182.51 183.87 183.87 183.87 

1973Q2 . . . 185.20 184.80 184.80 185.24 185.24 186.00 186.00 186.00 

1973Q3 . . . . 183.00 183.60 183.57 183.57 184.94 184.94 184.94 

1973Q4 . . . . . 187.80 188.27 188.27 189.64 189.64 189.64 

1974Q1 . . . . . . 193.73 193.73 194.34 193.89 193.89 

1974Q2 . . . . . . . 192.37 192.82 192.07 192.07 

1974Q3 . . . . . . . . 190.25 189.94 189.94 

1974Q4 . . . . . . . . . 187.21 187.51 

1975Q1 . . . . . . . . . . 182.51 

 

Note: The real-time data for industrial production consists of vintages from 1973:Q1 to 2007:Q2. Each column represents a series of industrial production 

available to market participants in every quarter, and each row shows how an observation for each particular date has been revised over time.  

Figure 1. The Structure of Real-Time Data 
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Panel A. Real-Time and Revised Output Gap 

 

Panel B. Quasi Real-Time and Revised Output Gap 

 

 

Panel C. Real-Time and Quasi Real-Time Output Gap 

 

Figure 2.  Output Gap Estimates for the U.S. using Philadelphia Fed Real-Time Dataset 
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Table 1. Summary Statistics Using Alternative and IFS Real-Time Datasets 

 Real-Time  Revised Quasi Real-Time 

 Mean SD Min Max Mean SD Min Max Mean SD Min Max 

 A. Germany: Bundesbank Data 

Linear Trend -6.1 2.7 -11.0 -0.3  1.2 4.6 -9.6 9.9 -5.7 3.0 -11.3 2.2 

Quadratic Trend  1.4 3.1 -7.7 9.2 -0.1 3.3 -7.9 8.8  1.7 3.3 -6.7 11.4 

HP Filter -0.8  1.1 -4.8 1.4  -0.1 1.4 -4.2 4.0 -0.7 1.0 -3.6 2.2 

BK Filter -0.8 1.0 -5.6 1.1  0.0 1.2 -3.5 2.8 -0.7 0.9 -3.9 1.8 

 B. Germany: IFS Data 

Linear Trend -12.6 4.5 -23.1 2.4  2.2 9.1 -12.6 21.0 -12.6 4.6 -22.3
 

1.1 

Quadratic Trend  4.2 6.0 -12.4 15.2 -0.3 6.3 -11.5 15.2  4.3 6.0 -11.9 15.6 

HP Filter -1.2 1.9 -6.6 1.5  0.0 2.8 -8.1 6.3 -1.1 1.9 -6.6 1.7 

BK Filter -1.1 1.8 -8.0 1.5  0.0 2.5 -6.7 5.1 -1.1 1.8 -7.6 1.5 

 C. U.K.: Bank of England Data 

Linear Trend -2.5 4.2 -10.1 4.8  0.6 4.2 -8.6 6.2 -1.3 4.0 -9.2 5.6 

Quadratic Trend -3.7 2.9 -8.6 1.9  0.7 3.4 -5.9 5.4 -3.2 2.7 -7.7 1.5 

HP Filter -1.0 1.3 -3.7 1.9 -0.2 1.4 -3.4 3.1 -0.8 1.2 -3.6 2.0 

BK Filter -0.9 1.1 -3.3 1.9 -0.1 1.4 -2.9 2.6 -0.7 1.0 -3.0 1.9 

 D. U.K.: IFS Data 

Linear Trend -6.0 4.9 -24.6 3.2  0.4 4.9 -10.5 12.9 -4.8 4.3 -15.6 2.6 

Quadratic Trend  1.5 4.8 -15.0 10.6 -0.5 4.5 -10.8 10.8  2.5 4.4 -7.3 10.3 

HP Filter -1.0 1.9 -6.0 3.4  0.0 2.4 -5.9 7.7 -0.6 1.8 -5.7 2.9 

BK Filter -0.8 1.6 -5.9 3.4  0.1 2.2 -5.7 5.8 -0.5 1.6 -5.9 2.6 

 E. U.S.: Philadelphia Fed Data 

Linear Trend -5.1 2.8 -10.9 2.6  0.1 3.5 -5.1 9.1 -4.1 2.3 -10.9 2.3 

Quadratic Trend  0.1 3.1 -10.4 6.2 -0.2 2.5 -7.7 6.0  0.0 2.8 -7.3 5.2 

HP Filter -0.5 1.3 -5.6 1.7  0.0 1.6 -4.7 3.8 -0.4 1.2 -3.2 1.8 

BK Filter -0.5 1.2 -5.8 1.8  0.0 1.4 -4.4 3.5 -0.4 1.1 -3.1 1.7 

 F. U.S.: IFS Data 

Linear Trend -6.6 4.9 -20.1 3.8  0.6 5.9 -11.3 14.2 -5.7 5.2 -21.4 6.0 

Quadratic Trend  3.6 4.8 -11.7 12.3 -0.4 5.9 -15.2 11.8  4.2 5.2 -12.8 14.1 

HP Filter -0.9 2.6 -9.4 4.3  0.1 3.4 -11.5 7.0 -0.6 2.8 -10.5 4.4 

BK Filter -0.8 2.5 -9.9 4.2  0.1 3.2 -9.5 7.7 -0.6 2.7 -10.3 4.5 

Note: The statistics reported for each variable are Mean, the mean, SD, the standard deviation, Min, and Max, the 

minimum and maximum values.  
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Table 2. Correlations between Real-Time, Revised, and Quasi Real-Time Output Gap for         

the U.S. using Philadelphia Fed and IFS Real-Time Data 

  Real-Time Revised Quasi Real-Time 

A. Philadelphia Fed Real-Time Data 

Linear Trend 

 

 

Quadratic Trend 

 

 

HP Filter 

 

 

BK Filter 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.595 

1 

- 

0.605 

1 

- 

0.738 

1 

- 

0.749 

1 

- 

0.844 

0.758 

1 

0.946 

0.624 

1 

0.920 

0.758 

1 

0.918 

0.777 

1 

B. IFS Real-Time Data 

Linear Trend 

 

 

Quadratic Trend 

 

 

HP Filter 

 

 

BK Filter 

 

 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.580 

1 

- 

0.493 

1 

- 

0.780 

1 

- 

0.782 

1 

- 

0.939 

0.623 

1 

0.949 

0.506 

1 

0.947 

0.791 

1 

0.948 

0.804 

1 
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Table 3. Correlations between Real-Time, Revised, and Quasi Real-Time Output Gap  

for Germany using Bundesbank and IFS Real-Time Data 

  Real-Time Revised Quasi Real-Time 

A. Bundesbank Real-Time Data 

Linear Trend 

 

 

Quadratic Trend 

 

 

HP Filter 

 

 

BK Filter 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.718 

1 

- 

-0.100 

1 

- 

0.504 

1 

- 

0.610 

1 

- 

0.899 

0.749 

1 

0.942 

0.010 

1 

0.898 

0.654 

1 

0.901 

0.656 

1 

B. IFS Real-Time Data 

Linear Trend 

 

 

Quadratic Trend 

 

 

HP Filter 

 

 

BK Filter 

 

 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.529 

1 

- 

0.187 

1 

- 

0.699 

1 

- 

0.685 

1 

- 

0.962 

0.515 

1 

0.982 

0.226 

1 

0.978 

0.702 

1 

0.976 

0.700 

1 
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Table 4. Correlations between Real-Time, Revised, and Quasi Real-Time Output Gap 

for U.K. using Bank of England and IFS Real-Time Data 

  Real-Time Revised Quasi Real-Time 

A. Bank of England Real-Time Data 

Linear Trend 

 

 

Quadratic Trend 

 

 

HP Filter 

 

 

BK Filter 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.918 

1 

- 

0.743 

1 

- 

0.565 

1 

- 

0.617 

1 

- 

0.973 

0.965 

1 

0.963 

0.859 

1 

0.961 

0.677 

1 

0.965 

0.714 

1 

B. IFS Real-Time Data 

Linear Trend 

 

 

Quadratic Trend 

 

 

HP Filter 

 

 

BK Filter 

 

 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

Real-Time 

Revised 

Quasi Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.726 

1 

- 

0.397 

1 

- 

0.704 

1 

- 

0.753 

1 

- 

0.949 

0.749 

1 

0.955 

0.355 

1 

0.941 

0.754 

1 

0.945 

0.771 

1 

Note: The Bank of England real-time data consists of vintages from 1990:Q1 to 2007:Q2, and IFS real-time data 

consists of vintages from 1973:Q1 to 2007:Q2. 
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Table 5. Summary Statistics Using IFS Data 

 Real-Time  Revised Quasi Real-Time 

 Mean SD Min Max Mean SD Min Max Mean SD Min Max 

A. Australia 

Linear Trend -7.8 6.1 -24.0 30.8 1.2 6.7 -10.9 20.7 -8.6 4.8 -25.2 2.6 

Quadratic Trend 5.3 6.7 -10.0 42.2 -0.3 6.1 -15.8 16.5 4.5 5.5 -10.6 14.3 

HP Filter -0.7 2.6 -9.2 8.9 0.1 3.0 -9.7 7.0 -1.0 2.5 -9.4 4.0 

BK Filter -0.7 2.2 -8.0 7.0 0.1 2.7 -7.9 7.6 -0.9 2.7 -8.6 3.0 

B. Canada 

Linear Trend -12.5 5.9 -28.7 0.8 2.4 10.2 -15.7 23.2 -12.8 6.3 -32.1 0.8 

Quadratic Trend 5.0 7.5 -13.2 17.3 -0.1 8.4 -18.2 16.5 4.8 7.7 -15.3 18.3 

HP Filter -0.9 2.1 -6.3 2.9 0.1 3.2 -13.3 6.2 -0.1 2.1 -6.1 2.6 

BK Filter -0.9 2.0 -7.1 2.6 0.2 3.1 -10.9 5.8 -1.0 1.9 -7.0 2.5 

C. France 

Linear Trend -14.4 5.7 -22.7 6.5 3.0 10.8 -16.4 26.0 -14.2 5.1 -22.2 3.6 

Quadratic Trend 2.8 7.1 -15.9 14.4 0.0 6.7 -11.3 17.5 2.9 7.0 -16.9 14.8 

HP Filter -1.5 2.1 -9.6 3.2 0.0 2.5 -9.1 6.5 -1.5 2.0 -11.8 1.8 

BK Filter -1.4 1.7 -7.9 1.7 0.1 2.3 -8.3 7.1 -1.3 1.6 -8.5 1.4 

D. Italy 

Linear Trend -18.6 5.9 -28.6 -2.8 3.3 12.7 -23.7 27.7 -17.3 5.5 -26.7 -1.8 

Quadratic Trend 4.7 5.5 -12.2 13.1 -0.5 6.3 -12.4 15.2 5.9 5.1 -10.4 14.7 

HP Filter -2.1 2.4 -8.3 2.7 0.0 3.3 -12.3 9.8 -1.6 2.3 -7.8 3.8 

BK Filter -2.0 1.8 -6.4 2.0 0.1 3.1 -9.2 9.9 -1.5 2.0 -7.2 3.3 

E. Japan 

Linear Trend -32.6 10.6 -55.4 -4.7 6.3 24.7 -40.4 44.7 -33.6 10.2 -55.7 -5.9 

Quadratic Trend 8.0 8.4 -22.6 23.7 -1.2 8.4 -13.2 24.9 7.3 8.6 -22.8 23.7 

HP Filter -1.6 2.8 -17.8 2.9 0.0 4.1 -12.1 11.8 -1.7 2.6 -15.9 1.9 

BK Filter -1.6 2.9 -18.3 3.4 0.1 4.0 -10.8 12.6 -1.8 2.6 -15.7 2.3 

F. Netherlands 

Linear Trend -18.4 6.1 -32.0 3.6 3.5 12.9 -22.5 29.7 -17.7 5.7 -30.6 0.9 

Quadratic Trend 3.6 8.0 -15.1 14.7 -0.1 7.9 -13.3 19.3 4.3 8.1 -13.1 16.8 

HP Filter -1.5 1.5 -7.1 2.3 0.0 2.3 -7.2 5.4 -1.3 1.6 -7.6 2.5 

BK Filter -1.1 1.1 -4.7 1.1 0.1 1.9 -5.6 6.3 -1.1 1.1 -5.8 1.4 

G. Sweden 

Linear Trend -10.4 9.1 -29.4 6.5 0.8 9.6 -23.7 25.3 -10.6 9.0 -30.2 7.4 

Quadratic Trend 8.9 9.0 -8.8 27.4 -0.6 10.2 -27.1 21.1 8.6 8.8 -10.6 27.7 

HP Filter -0.6 2.2 -5.6 6.7 0.1 3.4 -11.5 6.7 -0.7 2.1 -5.8 4.5 

BK Filter -0.7 1.8 -4.9 3.6 0.0 3.1 -6.9 5.8 -0.7 1.8 -5.4 3.6 

Note: The statistics reported for each variable are Mean, the mean, SD, the standard deviation, Min, and Max, the 

minimum and maximum values.  
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Table 6. Correlations between Real-Time, Revised, and Quasi Real-Time Output Gap  

using IFS Real-Time Data 

 Real-

Time 
Revised 

Quasi 

Real-Time 

Real-

Time 
Revised 

Quasi 

Real-Time 

 A. Australia B. Canada 

Linear Trend       Real-Time 

                            Revised 

                            Quasi Real-Time 

Quadratic Trend  Real-Time 

                            Revised 

                            Quasi Real-Time               

HP Filter             Real-Time 

                            Revised 

                            Quasi Real-Time               

BK Filter             Real-Time 

                            Revised 

                            Quasi Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.098 

1 

- 

-0.076 

1 

- 

0.505 

1 

- 

0.571 

1 

- 

0.552 

0.356 

1 

0.692 

0.061 

1 

0.650 

0.807 

1 

0.711 

0.793 

1 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.469 

1 

- 

0.106 

1 

- 

0.715 

1 

- 

0.712 

1 

- 

0.954 

0.478 

1 

0.975 

0.150 

1 

0.947 

0.686 

1 

0.925 

0.695 

1 

 C. France D. Italy 

Linear Trend       Real-Time 

                            Revised 

                            Quasi Real-Time 

Quadratic Trend  Real-Time 

                            Revised 

                            Quasi Real-Time 

HP Filter             Real-Time 

                            Revised 

                            Quasi Real-Time 

BK Filter             Real-Time 

                            Revised 

                            Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.535 

1 

- 

-0.031 

1 

- 

0.691 

1 

- 

0.713 

1 

- 

0.958 

0.587 

1 

0.976 

-0.067 

1 

0.899 

0.730 

1 

0.898 

0.759 

1 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.596 

1 

- 

0.374 

1 

- 

0.684 

1 

- 

0.687 

1 

- 

0.803 

0.765 

1 

0.775 

0.347 

1 

0.747 

0.776 

1 

0.792 

0.801 

1 
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Table 6. (continued) Correlations between Real-Time, Revised, and Quasi Real-Time 

Output Gap using IFS Real-Time Data 

 Real-

Time 
Revised 

Quasi 

Real-Time 

Real-

Time 
Revised 

Quasi 

Real-Time 

 E. Japan F. Netherlands 

Linear Trend       Real-Time 

                            Revised 

                            Quasi Real-Time 

Quadratic Trend  Real-Time 

                            Revised 

                            Quasi Real-Time               

HP Filter             Real-Time 

                            Revised 

                            Quasi Real-Time               

BK Filter             Real-Time 

                            Revised 

                            Quasi Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

 

0.907 

1 

- 

0.244 

1 

- 

0.644 

1 

- 

0.622 

1 

- 

0.991 

0.898 

1 

0.992 

0.248 

1 

0.972 

0.667 

1 

0.961 

0.661 

1 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.558 

1 

- 

-0.246 

1 

- 

0.593 

1 

- 

0.523 

1 

- 

0.959 

0.556 

1 

0.984 

-0.229 

1 

0.860 

0.718 

1 

0.861 

0.636 

1 

 G. Sweden  

Linear Trend       Real-Time 

                            Revised 

                            Quasi Real-Time 

Quadratic Trend  Real-Time 

                            Revised 

                            Quasi Real-Time 

HP Filter             Real-Time 

                            Revised 

                            Quasi Real-Time 

BK Filter             Real-Time 

                            Revised 

                            Real-Time 

1 

- 

- 

1 

- 

- 

1 

- 

- 

1 

- 

- 

0.309 

1 

- 

0.097 

1 

- 

0.472 

1 

- 

0.480 

1 

- 

0.944 

0.322 

1 

0.949 

0.090 

1 

0.893 

0.586 

1 

0.875 

0.597 

1    

 


