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Abstract 
This paper conducts a comparative analysis of the trend and cycle estimates derived from the 
Hodrick-Prescott method, the Christiano-Fitzgerald approximation and the Harvey and Trimbur 
model for selected euro area (EA) indicators. These three methods are applied to data spanning 
the last 3 decades, including the COVID pandemic. An additive outlier correction is introduced to 
handle the most volatile observations in the period of the COVID pandemic. A case study is also 
presented that repeats the estimation over 30 consecutive vintages, starting in January 2020 and 
ending in May 2022. The results indicate that the estimates for the euro area’s GDP and 
employment are very similar across the three filters. However, the estimates for the euro area’s 
industrial production index (IPI) provided by the Harvey and Trimbur model indicate that the trend 
is higher in periods of IPI expansion and lower in periods of contraction such as the financial 
crisis and the COVID pandemic. Moreover, the case study shows that the estimates are very 
stable across vintages from winter 2020 when outlier corrections are added to all the methods. 
Before the introduction of outlier corrections, the estimates are often too flat and, in some cases, 
unreliable. 
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1. Introduction 
Economists have long sought to understand the nature, features and behaviour of cyclical 
movements, which characterize the macro-economic evolution. In their seminal book Burns and 
Mitchell (1946) introduced an approach based on the investigator's judgment to identify peaks 
and troughs in a time series and then to compare specific cycles and trends. In their book, they 
mainly focused on what is usually referred to as classical business cycle that looks at movements 
on the level of macro-economic indicators. The limited number of turning points characterizing the 
classical business cycle and its asymmetric behaviour with very long expansionary phases have 
convinced analysts to look at other more informative types of cycles particularly at the so-called 
deviation cycle or growth cycle used as complements of the classical business cycle. The interest 
into the growth cycle has required the development of new statistical methods, based on filtering 
techniques or on simple time-series models to separate the trend and the cyclical components.  A 
non-exhaustive list of papers presenting methods for the trend-cycle decomposition includes 
Beveridge and Nelson (1981), Nelson and Plosser (1982), Watson (1986), Clark (1987), Hodrick 
and Prescott (1997), Baxter and King (1999), Christiano and Fitzgerald (2003), Harvey and 
Trimbour (2003).  

Researchers and business cycle analysts are particularly interested in obtaining timely, reliable, 
and objective statistical information to be used as input in their analysis and statistical institutions 
appear as the ideal partner for researchers and analysts. Providing input for the classical cycle 
analysis does not require any additional effort for statistical institutions since this information is 
part of the seasonal adjustment output, the situation is different when looking at the growth cycle 
because further statistical elaboration is required. For several years, Eurostat has been 
publishing monthly alternative trend-cycle decompositions for GDP, IPI and employment based 
on different decomposition methods. In 2020 the pandemic was really risking affecting 
dramatically the trend-cycle decomposition provided by Eurostat. However, in the last two year 
and half an intense methodological and empirical activity has been conducted aiming at 
preserving the quality of the trend-cycle decomposition provided to the public.   

Starting from this task, this paper compares three popular methods used by Eurostat namely, the 
Hodrick-Prescott (HP) filter, the Christiano-Fitzgerald approximation of the ideal band pass filter 
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(CF) and the Harvey and Trimbur (HT) unobserved components model to compute trend and 
cycle. The three methods were first applied to monthly industrial production data, quarterly GDP 
data and quarterly employment data for the euro area over the last 3 decades. An additive outlier 
correction is included to handle the most volatile observations related to the period of the COVID 
pandemic. Then, a case study where the estimation is repeated over 30 consecutive vintages 
starting in January 2020 and ending in May 2022 is also considered.  Therefore, the initial 
vintages refer to the period just before the COVID pandemic; then the evolution of the pandemic 
is tracked; finally, the recovery from the pandemic and the beginning of the Ukraine invasion is 
included. This exercise allows to understand how cycle estimates evolve over time and how 
robust estimates are when adding data and updating information, including instability due to the 
COVID pandemic modelled via the outlier correction.   

The results indicate that estimates for EA GDP and employment are very similar across the three 
filters; whereas the estimates for EA IPI given by the HT indicate that the trend is higher in the 
periods of IPI expansion and lower in the periods of contraction such as the financial crisis and 
the COVID pandemic. Moreover, the case study shows that estimates are very stable across 
vintages from winter 2020 when an outlier correction is added to all the methods. Before the 
outlier introduction, in particular in the April-August 2020 vintages, estimates are often too flat 
and, in few cases, unreliable.   

The paper continues in Section 2 by reviewing different types of trend-cycle decomposition. 
Section 3 describes the data across vintages. Section 4 applies all the methods to EA data. 
Section 5 concludes.
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2. Trend-cycle decomposition

This section reviews the three methods that we use to estimate trends and cycles, including a 
subsection on how the period of the COVID pandemic is handled.  

2.1. Two-side Hodrick and Prescott filter 
The Hodrick and Prescott (HP) filter decomposes the time series y = (𝑦𝑦1,…, 𝑦𝑦𝑇𝑇) into a cyclical 
component ψ and a trend component τ:  

𝑦𝑦𝑡𝑡 = 𝜓𝜓𝑡𝑡+ 𝜏𝜏𝑡𝑡  (1) 

The two-sided HP (HP2s) filer estimates the trend component by solving the following 
minimization problem:  

(�̂�𝜏1|𝑇𝑇,𝜆𝜆,…,�̂�𝜏𝑇𝑇|𝑇𝑇,𝜆𝜆)=arg 𝑚𝑚𝑚𝑚𝑚𝑚𝜏𝜏1,…,𝜏𝜏𝑡𝑡 ∑ (𝑦𝑦𝑡𝑡 −  𝜏𝜏𝑠𝑠)2𝑇𝑇
𝑠𝑠=1 + 𝜆𝜆 ∑ (𝜏𝜏𝑠𝑠+1 − 2𝜏𝜏𝑠𝑠 + 𝜏𝜏𝑠𝑠−1)2𝑇𝑇−2

𝑠𝑠=2  (2) 

where λ controls the smoothness of the trend estimates. The higher its value, the smoother the 
extracted trend component will be, see Harvey and Trimbur (2008) for a comparison of different 
values.    

The HP model can be rewritten with the following state space: 

𝑦𝑦𝑡𝑡 = 𝜓𝜓𝑡𝑡 + 𝜏𝜏𝑡𝑡 
 𝜏𝜏𝑡𝑡=2 𝜏𝜏𝑡𝑡−1  - 𝜏𝜏𝑡𝑡−2+ ϵ_t 

for the unobservable trend. See Hodrick and Prescott (1997), Kuttner (1994), and Ljungqvist and 
Sargent (2004) for further details.  

2
Trend-cycle decomposition 
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2.2. Christiano-Fitzgerald (CF) approximation   
The Christiano-Fitzgerald (CF) filter is the approximation to the ideal band pass filter for a time 
series. The 'ideal' band pass filter can be used to isolate the component of a time series that lies 
within a particular band of frequencies.  CF identifies one approximation, which, though it is only 
optimal for one particular time series representation, nevertheless works well for standard 
macroeconomic time series. See Christiano and Fitzgerald (2003) for further details. To improve 
the fitting we use the R function cffilter(y, pl = 2, pu = 8, TRUE, TRUE, type="asymmetric") where 
we select the minimum period of oscillation pl=2 and maximum period of oscillation to pu=8, for 
quarterly data. For monthly data, the parameters are set accordingly. This selection is good for 
the business cycle frequencies but not for the trend. Moreover, we use an asymmetric kernel to 
estimate the values on the boundaries. The fitting has been improved with a fine-tuning 
performed on each series at hand.   

2.3. Harvey and Trimbur model  
The model of Harvey and Trimbur (2003) for the trend-cycle decomposition is given by:   

𝑦𝑦𝑡𝑡 = 𝜇𝜇𝑡𝑡 + 𝜓𝜓𝑡𝑡 + 𝜖𝜖𝑡𝑡         𝜖𝜖𝑡𝑡 ∼ 𝑁𝑁(0, 𝜎𝜎𝜖𝜖
2) (3) 

where 𝜇𝜇𝑡𝑡 represents a series-specific trend component and 𝜓𝜓𝑡𝑡 represents the stochastic cycles 
(BC for business cycle) which are common to all series in 𝑦𝑦𝑡𝑡. The BC captures the medium-term 
business cycle that is the main object of this simulation. The disturbance term (𝜖𝜖𝑡𝑡), also referred 
to as the irregular component, is assumed to be normally distributed and serially and cross - 
sectionally uncorrelated.  

The trend component is specified as a local linear trend given:  

 𝜇𝜇𝑡𝑡 = 𝜇𝜇𝑡𝑡−1 + 𝑣𝑣𝑡𝑡−1 (4) 

                                                 𝑣𝑣𝑡𝑡 = 𝑣𝑣𝑡𝑡−1 + 𝜉𝜉𝑡𝑡      𝜉𝜉𝑡𝑡 ∼ 𝑁𝑁�0, 𝜎𝜎𝜒𝜒
2� 

where 𝑣𝑣𝑡𝑡 represents the gradient of the trend component 𝜇𝜇𝑡𝑡   and is often referred to as the growth 
or slope term; see Harvey (1989), Durbin and Koopman (2012) and the references therein. We 
have to underline that one of the main characteristics of Harvey and Trimbur model is the 
smoothed trend component, that resemble a I(2) model. This assumption guarantees a very 
smooth long-term trend, necessary requirement to have a reasonable cycle.(2) The disturbance 
term 𝜉𝜉𝑡𝑡 is assumed to be serially and cross-sectionally uncorrelated and independent of 𝜖𝜖𝑡𝑡, 
contemporaneously and for all leads and lags.   

The stochastic cycle component 𝜓𝜓𝑡𝑡 is modelled as nested stationary dynamic processes and is 
formulated by the trigonometric specification:  

                 �
𝜓𝜓1,𝑡𝑡

𝜓𝜓∗
1,𝑡𝑡

� = 𝜌𝜌 � 𝑐𝑐𝑐𝑐𝑐𝑐 𝜆𝜆 𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆
−𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆 𝑐𝑐𝑐𝑐𝑐𝑐𝜆𝜆� �

𝜓𝜓1,𝑡𝑡−1
𝜓𝜓∗

1,𝑡𝑡−1
� + �𝜔𝜔𝑡𝑡

0 � ,      (𝜔𝜔𝑡𝑡) ∼ 𝑁𝑁(0, 𝜎𝜎𝜔𝜔
2 )  (5)                    

                          �
𝜓𝜓𝑖𝑖,𝑡𝑡
𝜓𝜓∗

𝑖𝑖,𝑡𝑡
� = 𝜌𝜌 � 𝑐𝑐𝑐𝑐𝑐𝑐 𝜆𝜆 𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆

−𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆 𝑐𝑐𝑐𝑐𝑐𝑐𝜆𝜆� �
𝜓𝜓𝑖𝑖,𝑡𝑡−1
𝜓𝜓∗

𝑖𝑖,𝑡𝑡−1
� + �𝜓𝜓𝑖𝑖−1,𝑡𝑡

0
� ,   𝑚𝑚 = 2, … , 𝑚𝑚 
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where the frequency of the cycle 𝜆𝜆 is measured in radiants with 0 ≤ 𝜆𝜆 ≤ 𝜋𝜋 leading to a period of 
the stochastic cycle of 2 𝜋𝜋 𝜆𝜆⁄ . The index i refers to the stochastic cycle order and a higher order 
smooths more the cycle. The persistence parameter 𝜌𝜌 is restricted within the interval 0 ≤ 𝜌𝜌 ≤ 1 to 
ensure a stationary process for the cycle. The disturbances 𝜔𝜔𝑡𝑡 are mutually and serially 
uncorrelated, as well as independent of all other disturbances in the model.  

 

Encompassed models  
Harvey and Trinbur (2003) present two classes of models. The first is related to the Butterworth 
filter, called the unbalanced model, specified in equations (2)–(5). The second is the balanced 
representation.  

Harvey and Trinbur (2003) report that the balanced model is optimal for the USA GDP time 
series. This is due to the properties of the USA GDP series and the sample used in Harvey and 
Trinbur (2003). Indeed, their series is a quarterly series, in the low volatile great moderation 
period. 

Although better with the USA GDP series the balanced model is more complex than the 
unbalanced one, and in our opinion is not the best choice for the series we treat, e.g. monthly IPI. 
The series in this report are noisier and using two errors could lead to unstable estimation using 
the balanced model. The unbalanced model has a smaller representation and is easier to 
estimate since it has fewer random components. Despite this, we need to fix some parameters 
and simplify the cycle part.   

The model in equation (3) with the trend process of equation (4) and the nested cycles in 
equation (5) can encompass many different models. Restricting equation (4) we can get an I(1) 
model plus cycle. Moreover, we can specify different number of cycles with different stochastic 
cycles. For example, we can specify an I(1) with one cycle as the following:  

          𝑦𝑦𝑡𝑡 = 𝜇𝜇𝑡𝑡 + 𝜓𝜓𝑡𝑡 + 𝜖𝜖𝑡𝑡         𝜖𝜖𝑡𝑡 ∼ 𝑁𝑁(0, 𝜎𝜎𝜖𝜖
2) 

𝜇𝜇𝑡𝑡 = 𝜇𝜇𝑡𝑡−1 + 𝑣𝑣𝑡𝑡−1    

𝑣𝑣𝑡𝑡 = 𝑣𝑣𝑡𝑡−1 + 𝜉𝜉𝑡𝑡      𝜉𝜉𝑡𝑡 ∼ 𝑁𝑁�0, 𝜎𝜎𝜒𝜒
2� 

�
𝜓𝜓1,𝑡𝑡
𝜓𝜓∗

1,𝑡𝑡
� = 𝜌𝜌 � 𝑐𝑐𝑐𝑐𝑐𝑐 𝜆𝜆 𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆

−𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆 𝑐𝑐𝑐𝑐𝑐𝑐𝜆𝜆� �
𝜓𝜓1,𝑡𝑡−1
𝜓𝜓∗

1,𝑡𝑡−1
� + �𝜔𝜔𝑡𝑡

0 � ,      (𝜔𝜔𝑡𝑡) ∼ 𝑁𝑁(0, 𝜎𝜎𝜔𝜔
2 ) 

 

Our choice favours the I(2) model with two cycles. See Appendix for the state space form applied 
in the R code estimation.  

2.4. Outlier correction  
Large shocks associated to extreme events such as the financial crisis in 2008–09 and even 
more importantly the COVID pandemic introduce instability and parameter breaks in the model. 
To deal with it, we apply an automatic procedure for detection of outliers in time series.  

Assume 𝑌𝑌𝑡𝑡 , 𝑡𝑡 = 1, … , 𝑇𝑇 as the series of interest following a general ARMA process. The model 
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applied to identify additive outliers, that is an isolated correction, is as follows:  

                                                          𝑌𝑌𝑡𝑡 = 𝑦𝑦𝑡𝑡 + 𝑤𝑤𝐼𝐼𝑡𝑡(𝑡𝑡1) (6) 

where 𝐼𝐼𝑡𝑡(𝑡𝑡1) = 1 if 𝑡𝑡 = 𝑡𝑡1, and 𝐼𝐼𝑡𝑡(𝑡𝑡1) = 0 otherwise. Here 𝐼𝐼𝑡𝑡(𝑡𝑡1) is an indicator function for the 
occurrence of an additive outlier impact, 𝑡𝑡1 is the possibly unknown location of the outlier, and 𝑤𝑤 
denotes the magnitude of the outlier effect. We estimate as date 2020M4 and 2020M8 for IPI and 
2020Q2 for GDP and employment data. The resulting series 𝑦𝑦𝑡𝑡 from (6) is then applied in 
decomposition methods.   

We must underline that the presence of outlier requires extra care in the estimation as they can 
lead to biases. To handle this issue, we adapt the code to take care of the outliers sequentially. In 
practice, we wait two monthly observations or a quarter observation before to include the outliers. 
Although this extra caution, we have in a few cases unreliable estimations in sample at the edge 
of the outliers.  

We have also investigated other two types of outliers: level shift and transitory change. These 
solutions are inferior and we have not investigated them further.  
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3. Data  
We gather together EA monthly industrial production data, EA quarterly GDP data and EA 
quarterly employment data over 30 consecutive vintages starting in January 2020 and ending in 
May 2022. Therefore, the initial vintages refer to the period just before the COVID pandemic; then 
the evolution of the pandemic is tracked; finally, the recovery from the pandemic and the 
beginning of Russia’s war of aggression against Ukraine is also included. Specifically, the first 
vintage sample size is 1991M01-2019M11 for IPI, and 1995Q1–2019Q3 for GDP and 
employment. The last vintage sample size is 1991M01-2022M03 for IPI, 1995Q1–2022Q1 for 
GDP and employment. The number of observations increases across vintages, mostly regularly 
every month for IPI and every three months for GDP and employment.  

  

3 
Data 
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4. Results   
We apply the three methods presented in Section 2 to estimate trend and cycle estimates for EA 
IPI, EA GDP and EA employment data. In subsection 4.1, we present results using the final 
vintage data. Then, in subsection 4.2 we estimate cycles and trends over the monthly vintages 
2020M1-2022M6 and then plot the cycle estimates across vintages.  

4.1. Full sample results  

4.1.1. IPI  
We carry out the empirical analysis of the EA IPI in the period 1991M1-2022M3. We consider 
three different detrending procedures: the Hodrick-Prescott (HP) method, the Christiano-
Fitzgerald approximation and the Harvey and Trimbur (HT). All these methods include additive 
outlier corrections. We estimate two additive outliers in April 2020 and August 2020. We begin by 
reporting HT estimate as it is the most complex parametric specification. Then, we compare 
graphically cycle and trend estimates.  

The estimated parameters are as follows:  

𝜎𝜎𝜖𝜖
2 = 0.542 

𝜎𝜎𝜒𝜒
2 = 0.033 

𝜎𝜎𝜔𝜔
2  = 0.397 

� cos 𝜆𝜆 𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆
−𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆 𝑐𝑐𝑐𝑐𝑐𝑐𝜆𝜆� = � 0.965 0.258

−0.258 0.965� 

The irregular variance 𝜎𝜎𝜖𝜖
2 is equal to 0.542, while the smoothed trend variance is low as it follows 

an I(2) process, producing a very smooth trend. The variance of the Fourier representation is 
equal to 0.397. The matrix of the Fourier representation is consistent to have on average a cycle 
of five years. We underline that we fix the number of nested cycles equal to 1, see model in 
equation (5).  

4 
Results 



4 
Results 

A real-time simulation study on the behaviour of alternative trend-cycle decomposition methods 
 during the pandemic 

17 

Figure 1 shows the trend estimates. The HT estimate is the smoother one due to the model 
assumption that the series is integrated of order 2, as we discussed in Section 2. The HT trend is 
higher than the others in periods of IPI expansion, such as 2007, 2012, 2018, and lower in 
periods of contraction such as the financial crisis and the COVID pandemic. The difference with 
the CF estimate is mainly in the expansionary periods pre and after the financial crisis, where the 
CF assigns a larger role to the cycle as discussed in the next paragraph.   

Figure 2 shows the cycle estimates. As the trend estimate, the HT cycle is the smoother one. The 
CF estimate is also similar in most of the sample, the major differences are before, during and 
after the financial crisis where the cycle assumes larger positive (before and after) and negative 
(during the crisis) values. The HP estimate during these periods is like the CF ones. HT gives 
large fluctuations to the trend and to the residual part. The similar evidence is also found in the 
initial months of the COVID pandemic.   

Figure 1  

EA IPI trends 
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Figure 2   

EA IPI cycles  

 

4.1.2. GDP  
We study EA GDP for the period 1995Q1-2022Q1. As in the previous section, we use the HP, 
CF, and HT filters all with additive outlier corrections.    

The estimated parameters of the HT are as follows:  

𝜎𝜎𝜖𝜖
2 = 0.021 

𝜎𝜎𝜒𝜒
2 = 0.118 

𝜎𝜎𝜔𝜔
2  = 0.099 
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−0.324 0.946� 
 

The irregular variance 𝜎𝜎𝜖𝜖
2 is equal to 0.021, while the smoothed trend variance is consistent with 

an I(2) representation of the GDP trend. The variance of the Fourier representation is equal to 
0.099. The matrix of the Fourier representation is consistent to produce on average a cycle of five 
years.   

Figure 3 shows the HP, CF and HT trend estimates. The HT estimate is the smoother and less 
variable ones over the full sample. The HT diverges in the last four years of the sample (from 
2018), when the HT trend is more positive and keeps a higher value during the COVID pandemic.  
The CF estimates are the more volatile in that period. 

Figure 4 shows the EA GDP cycle estimates. The three lines have a very similar pattern, and we 
notice only some differences in the peak before the financial crisis and at the trough of the 
COVID pandemic in 2021Q3–2021Q4 when HP and HT cycles are more negative and the  
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Figure 3:   

EA GDP trends  

 

Figure 4  

EA GDP cycles  

 

following recovering when HT increases less than the other three estimates. When cycle 
estimates are used to compute turning points of the series, therefore peaks and troughs are 
defined by studying the pattern of the cycles, for all the three series the HP and HT provide 
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similar results while CF is characterized from a longer negative phase with a shift of the trough of 
about one quarter both during the financial crisis and the COVID pandemic. The lowest value of 
the HP and HT cycles during the COVID pandemic is in 2020Q2, whereas CF estimates assume 
the lowest value in 2020Q3.  

4.1.3. Employment  
We study EA employment in the period 1995Q1–2022Q1. As in the previous section, we use the 
HP, CF and HT filters all with additive outlier corrections.    

The estimated parameters of the HT are as follows:  

𝜎𝜎𝜖𝜖
2 = 6.505216e-05 

𝜎𝜎𝜒𝜒
2 =  6.219729e-07 

𝜎𝜎𝜔𝜔
2  = 8.076693e-06 

� 𝑐𝑐𝑐𝑐𝑐𝑐 𝜆𝜆 𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆
−𝑐𝑐𝑚𝑚𝑚𝑚𝜆𝜆 𝑐𝑐𝑐𝑐𝑐𝑐𝜆𝜆� = � 0.946 0.324

−0.324 0.946� 

  

The irregular variance 𝜎𝜎𝜖𝜖
2 is very small and close to zero such as the smoothed trend variance. 

The variance of the Fourier representation is also in line with the other two variances. The matrix 
of the Fourier representation is consistent to have on average a cycle of five years.  

Figure 5 shows the HP, CF and HT trend estimates. Similarly, to GDP, the HT estimate is the 
smoother and less variable. Again, we observe a divergence in the last part of the sample (from 
2018), when the HT trend is more positive and keeps a higher value during the COVID pandemic.   

Figure 5   

EA Emp trends  
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major differences before the financial crisis when the HP cycle is higher than the other two and 
after the financial crisis when the CF cycle is lower than the other two and in the final year of the 
sample when HT cycle is lower. We confirm what observed for GDP and the qualitative 
conclusion of the three filters is on average similar.  

 

Figure 6  

EA Emp cycles  
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All the methods indicate the large contraction associated to the COVID pandemic, in particular at 
the beginning of it in the period 2020M03–20020M07. The methods also indicate a recovery of 
EA IPI from winter 2020 before a new slowdown in the late fall 2021. The methods also report 
negative or flat cycles at the beginning of 2022. The evidence of the recovery from the end of 
2020 and the following contraction and slowdown are very persistent across vintages in all the 
three methods. The outlier correction reduces instability and estimates are very robust across 
vintages, supporting the use of this methodology.  

The major difference is at the beginning of the COVID. Firstly, no method can estimate the 
contraction associated to the COVID before vintage 2020M06. Precisely, the HP provides a 
negative cycle for the last value 2020M04 using the 2020M06 vintage, whereas CF and HT 
require more time to estimate a negative growth. Using vintage 2020M8, both CF and HP without 
any further correction give evidence of no growth. When data is extended and the two outliers in 
2020M04 and 2020M08 are included and estimated, cycles are more similar across vintages. A 
small exception is when using the 2020M12 vintage, that gives deeper contraction and more 
volatile cycle than other vintages. We also notice that the cycle estimated using vintages after the 
beginning of the COVID pandemic, e.g. from 2020M08 vintage, result in higher cycle values in 
the period before the COVID pandemic. This is coherent across the three methods.  

Figure 7  

EA IPI cycle estimates over vintages 2020M01-2022M06  
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Top panel: HP estimates; middle panel: CF estimates; lower panel: HT estimates.  

4.2.2. GDP  
Figure 8 presents cycle estimates for EA GDP over the 30 consecutive vintages from 2020M1 to 
2022M6 using the HP filter. Figure 5 does the same with the CF approximation. Figure 6 reports 
estimates using the HT model. The figures are zoomed in the sample 2018Q1–2022Q1 to 
underline differences in the period of the COVID pandemic.  

All the methods indicate the large contraction associated to the COVID pandemic, in particular in 
the quarters 2020Q2–2020Q3. After that, there are differences among the three methods: CF 
indicates a fast recover before the start of a slowdown in all 2021 and beginning of 2022. 
Evidence is consistent across vintages. HP gives flat or marginally negative cycle in the last 
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quarter of 2020 and the first two quarters of 2021 and a recovery after that. HT gives negative 
values up to 2021Q2 before a recovery from 2021Q3. Evidence across vintages is very 
consistent and strong reduction is immediately estimated in 2020Q2. This could be explained by 
the presence of the 2020Q2 first estimate of GDP in the 2020M08 vintage, when there was 
already a strong indication of the problems associated to the COVID pandemic. Interesting, the 
estimates using vintage 2021M01 with sample 2018Q1-2020Q3 are very flat using all three 
methods.  

 
Figure 8  

EA GDP cycle estimates over vintages 2020M01-2022M06  
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Top panel: HP estimates; middle panel: CF estimates; lower panel: HT estimates. 

4.2.3. Employment   
Figure 9 presents cycle estimates for EA employment over the 30 consecutive vintages from 
2020M1 to 2022M6 using the HP filter. Figure 8 does the same with the CF approximation. 
Figure 9 reports estimates using the HT model. The figures are zoomed in the sample 2018Q1–
2022Q1 to underline differences in the COVID period.  

The results are somewhat similar to those for GDP and all the methods indicate the large 
contraction associated to the COVID pandemic, in particular in the quarters 2020Q2–2020Q3. 
After this period, there are difference among the three methods: CF indicates a fast recover 
before starting a slowdown in all 2021 and beginning of 2022. Evidence is consistent across 
vintages. HT gives negative values up to 2021Q2 before a recovery from 2021Q3. Estimates for 
2020Q4 differ a bit across vintages. HP gives flat or marginally positive cycle in the last quarter of 
2020 and the first two quarters of 2021. The data in the last vintages covering the sample 
2021Q4–2022Q1 are associated to a scale change when applying the HP filter. Dynamics are 
similar, but the scale is smaller.   

Finally, we notice a problem with the outlier correction discussed in section 2.4 and the HT filter 
for vintages ending with data on 2020Q2. The outlier is not yet included, making the values 
unreliable. As soon as the outlier is introduced, the estimates stabilize.   
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Figure 9  

EA EMP cycle estimates over vintages 2020M01-2022M06  

 

 

 

Top panel: HP estimates; middle panel: CF estimates; lower panel: HT estimates.
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5. Conclusion  
This paper compares the trend and cycle estimates derived from the Hodrick-Prescott (HP) 
method, the Christiano-Fitzgerald (CF) approximation and the Harvey and Trimbur (HT) model. 
These estimates cover the euro area’s industrial production, GDP and employment indicators 
over the last three decades, including the COVID pandemic period.  

The results indicate that estimates from the three methods differ depending on the use of 
monthly, IPI, or quarterly GDP and employment data. EA GDP and employment estimates are, 
on average, similar across the three filters. However, there are some differences in specific 
periods. For example, the trend estimates produced by the CF method are more volatile during 
the COVID-19 pandemic, while those produced by the HT method are smoother over the full 
sample. For the monthly EA IPI, the evidence changes marginally and estimates provided by the 
HT method become the most volatile and indicate that the trend is higher during periods of IPI 
expansion and lower during periods of contraction, such as the financial crisis and the COVID-19 
pandemic.  

When cycle estimates are used to compute turning points of the series, defining peaks and 
troughs by studying the pattern of the cycles, the HP and HT methods provide similar results for 
all the three series, while the CF method is characterized by a longer negative phase with a shift 
of the trough by about one quarter during both the financial crisis and the COVID pandemic. For 
example, for EA GDP, the lowest value of the HP and HT cycles during the COVID pandemic is 
in 2020Q2, whereas CF estimates place the lowest value in 2020Q3.  

To sum up, each method appears to have specific strengths and limitations in terms for example 
of smoothing estimates over the full sample or duration of the cycle growth, but none of the 
methods is providing the most credible estimates of trends and cycles for all three indicators and 
all the periods.  

Moreover, a case study examining 30 consecutive vintages spanning the COVID pandemic 
shows that the estimates are very stable across vintages from winter 2020 onwards once an 
outlier correction is added to all the methods. Before the introduction of this outlier correction, 
particularly for the April-August 2020 vintages, the estimates tend to be too flat and, in some 
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cases, unreliable.   

This line of research can be extended in various directions. Further methods for trend-cycle 
decomposition could be investigated. Additionally, the analysis can be extended to include 
countries, especially those in the euro area to explore national characteristics and peculiarities.     
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Appendix 
The unbalanced model contemplates n-th cycles that are nested with m stochastic trends. The 
general state space model is given by: 

 
where αt = (µt, ψt) in equation (A.1), εt and ηt are i.i.d Normal random variables, R is a selection 
matrix. The Z and T matrices are the measurement and the state parameter matrices and they 
are set in the following way. 

The unbalanced model has m-th nested trends (µt), and the Z matrix contains ones in the first 
and (m + 1)th positions and zeros elsewhere. Moreover, it loads the n cycles and has a total 
dimension of (2n + m) × 1. We have 2n because each cycle has two elements ([ψt, ψt

∗]). 

The first restriction that we impose is that the integrated random walk model, or the so-called local 
linear trend model, has an ARIMA(0, 2, 2) representation. In this case, the Z matrix contains zeros 
and ones accordingly, e.g. Z = [1, 0], just for the trend part, and it has one and zeros for the cycles. 

The first block of the T matrix is given by an Um (m × m) upper triangular matrix of ones; then it 
has to have cycle specification. Given those two components (trend and cycle) the T is given by: 
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In the original paper of Harvey and Trimbur (2003), if the following formula: 

 
 
is developed, then we get a similar representation of equation (A.2) but without the last term in 
the lower right hand and a smoothing effect in the upper right given by [ρ cos λc, ρ sin λc]. In our 
case, we avoid this interaction effect because it is difficult to model and quantify and we opt for 
enlarging the state space using three components. 

The frequencies λ1, λ2 and λ3 are fixed to match the best smoothing for the series at hand. This is 
done considering the frequency of the series and using periods tuned to them. The last cycle 
(lower right term) in the state space representation is the approximation of the extra term (upper 
left term) in the original representation of the unbalanced model, see equation (A.3). The upper 
right term in Harvey and Trimbur (2003) handles the smoothing and is restricted to be the lower 
right block in our representation. 

To show this more precisely, we report an exercise on EA GDP in Figure A.1. The figure reports 
the estimated cycle for a model with T as in equation (A.2) with (red line) and without (blue line) 
the smoothing term in the lower right part of equation (A.2). As the plot shows adding the extra 
term increases the smoothing in some part of the series, this is exactly what the term in the upper 
right part in Harvey and Trimbur (2003) does. 

Moreover, we fix the damping factor ρ in (3) equals to 1. The damping factor ρ multiplies the 
cyclical part of the state vector. Harvey and Trimbur (2003) suggest values in the interval 0 < ρ 
≤1. Our choice could result in a nonstationary cycle. But when considering that the nested cycle, 
the local linear trend model, is an I(2) process (it has an ARIMA(0, 2, 2) representation), this 
mitigates this effect. Indeed, the presence of an I(2) process smooths out the roughness of the 
series and is going to absorb most of the nonstationary part. We also find empirically that in any 
of our cases the cycle is estimated to be non-stationary. 

Finally, the latent errors are selected accordingly, see Harvey and Trimbur (2003).  
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Figure A.1  
The figure reports the two estimations with (red line) and without (blue line) the extra 
smoothing components 
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