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Abstract
This paper analyzes Total Factor Productivity (TFP) in five European countries
(France, Germany, Italy, Spain, and UK), the USA and Japan between 1954 and 2017.
It uses the common trend– common cycle (CTCC) approach to decompose series in
trends and cycles. We find that the seven economies are structurally different and dif-
ferently affected by similar shocks. We show that trend and cycle innovations are, in
most of the cases, negatively correlated as predicted by the ‘opportunity cost’ approach
to productivity growth, and that trend innovations are larger than cycle innovations.
We provide an interpretation for countries’ differences in TFP performance in recent
years that is related to the so-called ‘deep’ determinants in growth literature, such as
the presence of efficient markets and institutions. Finally, we present a comparison
with the traditional Hodrick and Prescott deterministic filter to highlight the advan-
tages of CTCC methodology that does not require a priori on the nature of the time
series.

Keywords Total factor productivity · Cointegration analysis · Market imperfections

JEL Classification D24 · D43 · E02 · E23

1 Introduction

Productivity (as measured by output per unit of single input or total inputs), and
its growth, is well recognized by essentially all economists as the key variable to
long-run improvement in income and (un)employment. Most of the same economists
would also agree that productivity depends upon a combination of investment in phys-
ical and human capital, knowledge and technical progress. However, the link between
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this combination and productivity may be considerably weakened by factors as the
quality of institutional and market efficiency, the degree of openness and flexibility
of the economy (Saltari and Travaglini 2010; Calcagnini et al. 2015, 2018; Fuentes
et al. 2014). Moreover, the dynamics of innovation and economic performance may
be shaped by interconnections and complex relationships between the ability of indus-
tries to turn out R&D efforts into successful innovations, which in turn lead to high
entrepreneurial profits, and the commitment of industries to invest profits in further
technological efforts (Bogliacino and Pianta 2013). Therefore, understanding the fac-
tors behind productivity is a complex process because more than a single determinant
can be significant at the same time (World Economic Forum 2014, p. 4).

This paper aims at analyzingTotal Factor Productivity (TFP) in fivemajor European
countries (France, Germany, Italy, Spain and UK), USA, and Japan between 1954 and
2017. We employ annual data and focus on countries that have similar degrees of
economic development. The latter choice should provide us with some advantages,
with respect to amore heterogeneous sample of countries,when studying the stochastic
properties of their productivity. Indeed, we expect that the probability that these seven
countries share a larger number of stochastic trends and cycles is higher than in the
case of a larger ‘club’ of countries with different levels of economic development. The
choice to analyze only the seven countries mentioned above is, therefore, pivotal to
our analysis. Indeed, these countries account for 45% and 71% of the 2018 world’s
and high-income countries’ GDP, respectively.1 Increasing the number of countries
would likelymake the identification of the TFP’s short- and long-run componentsmore
difficult, with only a marginal improvement in our understanding of the productivity
dynamics in advanced and internationally integrated economies. Further, we aim at
separating the secular-nonstationary (trend) component from the cyclical-stationary
one without imposing any a priori restriction on their relationship, and at focusing
on the so-called ‘deep’ determinants of TFP, which may still be different from one
economy to another, even within the European market.

To calculate the secular-nonstationary component of the TFP, we employ the mul-
tivariate procedure developed by Vahid and Engle (1993), Engle and Issler (1995) and
Kozicki (1993), known as the common trends–common cycles (CTCC) approach. This
methodology has the appealing feature that, in the special case where the number of
common trends (ct) and common cycles (cc) adds up to the number of time series (ts),
trend and cyclical components can be calculated as simple linear combinations of the
data. Further, in this special case we are able to identify trend and cycle components
without imposing a priori conditions on the relationships existing among the differ-
ent type of shocks in the economy, as in the case of other time series decomposition
analyses (i.e. Blanchard and Quah 1989).

Common trends are identified in the context of cointegrating relationships. Evi-
dence of a single common trend would suggest that productivity time series reflect
common structural characteristics across economies and that the levels of Total Factor
Productivity converge in the long run. Common cycles, on the other hand, are short-run
relationships linking stationary series. If the seven economic cycles depend upon the
same shocks, a single common cycle can be identified as evidence of business cycle

1 Our calculations on The World Bank data http://wdi.worldbank.org/table/4.2.
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synchronization (Aguiar-Conraria and Soares 2011; Calcagnini 1995; Calcagnini and
Travaglini 2014; Degiannakis et al. 2014).

The novelty of our work is that the CTCC methodology allows to understand how
short- and long-run common shocks determine changes inmeasured TFP for themajor
OECD countries. Indeed, we show that the long-run dynamics of TFP, notwithstanding
countries have access to and share the same technology and knowledge capital, is not
the result of a common trend because of the structural differences (‘deep’ determinants)
that characterize each economy. On the contrary, our analysis shows that the seven
countries are short-run synchronized, i.e. they share one commonTFP cycle. The latter
is likely the result of national monetary and fiscal policies increasingly coordinated
among the most developed economies (Calcagnini 1995; Inklaar et al. 2008; Furceri
and Karras 2008).

Empirical work that uses long-run time series is subjected to a major drawback, i.e.
the likely presence of large discontinuity (breaks). Researchers’ effort to understand
whether the observed episodes are the result of segmented deterministic trends and
level shifts or of stochastic forces affecting the secular component has not reached a
solid conclusion yet (Nelson and Plosser 1982). In other words, are growth paths better
described by a trend-stationary model with relatively few structural breaks (either in
growth or in levels) or by unit root processes in which permanent stochastic shocks
are responsible for continuous changes?

Our approach is more in line with the latter interpretation and with two strands of
the economic literature. The first one refers to endogenous growth models, according
to which exogenous shocks affect the accumulation of physical and human capital or
R&D expenditures that cause shifts in the equilibrium growth rate of the economy
(Lucas 1988; Romer 1986). The second approach refers to evolutionary models that
emphasize out-of-equilibrium dynamics and can hardly be reconciled with a trend-
stationary data generating process (Dosi et al. 2019). Moreover, this class of models
allows for demand-driven fluctuations thatmay affect the long run path of the economy
via their interaction with firms’ innovation patterns (Lamperti et al. 2018) and, there-
fore, growth is inherently stochastic as it results from the aggregation of endogenous
stochastic innovations at the microeconomic level and, therefore, models are probably
better approximated by path-dependent processes akin to random walks.2

We obtain several results.
First, measured TFP shows different dynamics across the seven economies. Ger-

many and France recorded the strongest mean growth rates along the whole period.
However, France showed negative growth rates in themost recent period (2008–2017).
Differently from France, Germany, Japan, UK and the USA recorded positive mean
TFP growth rates during the whole period. Finally, Italy shows the strongest decrease
in TFP during the period 2008–2017.

Second, we show the existence of only one cointegrating relationship among the
Total Factor Productivity time series of the seven countries. This result implies that
the seven time series share six stochastic trends that means no convergence of national

2 See Russo et al. (2019), p. 2.
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TFP levels.3 In other words, the same shock produces different results in each country
because of the different economic and institutional environment in which they occur.

Third, we find that the seven time series share a single TFP cycle. The latter result
implies that business-cycle shocks determine a profile of the short-run TFP similar
in all countries, likely as a consequence of their strong economic integration and
coordination of their economic policies. Having found only one common TFP cycle,
the sum of stochastic trends (six) and common cycles (one) add up to the number of
the time series (seven), which technically implies that there is only one way, in each
country, to separate Total Factor Productivity into trends from cycles.

Fourth, trend and cycle shocks are correlated. Indeed, the correlation coefficient
between the two types of shock is negative and statistically significant in six out of
the seven countries, the only exception being the USA.

Fifth, we find that trend innovations are generally larger than cycle innovations.
Trend innovations are relatively smaller in Spain and the USA than in the other
countries. This empirical feature is naturally addressed within neoclassical models
with long-run changes in technologies and government policies (Hansen and Ohanian
2016). This finding shows that lower frequency component of fluctuations are quanti-
tative important, and deserve attention. In this paper we contribute to the advancing the
understanding of secular movements in productivity, suggesting that actual economic
policies have affected resource allocation and productivity loss.

Overall, these results mean that in the long run a 1% shock to productivity trend
determines a 1% increase in the level of Total Factor Productivity. Moreover, the
negative relationship observed between trend and cycle innovations supports the
‘opportunity cost’ approach to productivity growth (Saint-Paul 1993). According to it,
the intertemporal substitution of productivity-improving activities along the business
cycle predicts that recessions are associated with a higher pace of productivity-
improving activities. Thus, for a given negative shock, these economies seem to react
by reallocating resources and obtaining the largest improvement on long-run Total
Factor Productivity, even though the size of the improvement differs across the seven
countries.

Data on the most recent sub-period, for which we were able to collect informa-
tion, seem to support our hypothesis according to which long-run TFP performance is
related to the so-called ‘deep’ determinants of economic growth.4 Some authors have
recently suggested the hypothesis of secular stagnation, according to which productiv-
ity growth has slowedbecause of a decline in innovation or, possibly, inadequate private
and public spending (Summers 2014). According to other scholars, TFP slumps seem
to be determined by country specific factors, such as educational attainment, weak
political systems, and global factors, such as higher risk, and higher energy prices
(Eichengreen et al. 2017). Our conclusion on the relationship between the long-run
TFP performance and the ‘deep’ determinants of economic growth is not the result of
a ‘formal’ analysis, i.e. by means of an empirical model that links the long-run TFP
performance of each country to the functioning of their markets and institutions. This
can hardly be done because the ‘deep’ determinants of economic growth do not exhibit

3 See Sondermann (2012), Bernard and Durlauf (1995).
4 On this topic see Isaksson (2007).
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enough variability, even in the long run, to effectively explain TFP variability. Further,
measures of the efficient functioning of markets and institutions are available for a
time span considerably shorter than that of TFP, and the consensus on how effectively
these variables do their work is not as broad as you would expect. Therefore, we made
a tentative experiment and chose to focus on a few indicators relating to the ease of
doing business and competitiveness in each country. Then we checked if and how the
previous indicators are correlated to a measure of each country’s innovation, i.e, the
number of positive shocks of the TFP secular trend. We find that the characteristics
of trend innovations are positively related with the quality of institutions that enhance
business activity.5 Our results, though essentially descriptive and not generalizable
given the limited number of observations, are consistent with our hypothesis that in
those economies equipped with greater growth potential (i.e., the presence of efficient
markets and institutions) trend positive shocks turn into stronger GDP growth.

Finally, in the last section of the paper we compare our CTCC decomposition with
that based on the Hodrick and Prescott (1981, 1997) (HP) filter.

However, it is important to emphasize that this comparison should not be considered
as a ‘robustness test’ of our CTCC results since any ad-hoc decompositions of the
stochastic or deterministic properties of time series can generate different outcomes.
In addition, deterministic filters, such as HP, cannot address the topic at the core of
our analysis, i.e. how much the common stochastic components, if any, determine the
dynamics of trends and cycles. Notwithstanding, the comparison provides additional
useful information on the nature of the time series and their components.

The paper is organized as follows. The next section provides a brief description of
the theoretical framework of the CTCC approach. Section 3 describes the data, and
results from the common trend–common cycle approach. Section 4 discusses our main
findings and their implications for economic policies, while Sect. 5 shows findings
from the HP decomposition. The final Section concludes.

2 Common Trends and Common Cycles: Theoretical Framework

The CTCC method is based on the joint analysis of the degree of short- and long-run
comovements in the Total Factor Productivity series of the seven economies. This
methodology works under the assumption that the data contain unit-roots, therefore
stochastic trends. Searching for common trends amounts to performing cointegration
tests, which can be interpreted as long-run comovement tests. Cycles are modeled as
transitory but persistent processes, which may be common to several economies. Such
cycles reveal all synchronized persistence in TFP series, describing their short-run
comovement. Testing for common cycles amounts to searching for independent linear
combinations of the (level of the) TFP series that are random walks, thus cycle free.
The test therefore is a search for linear combinations of the first differences of the
variables whose correlation with the elements of the past information is zero. Past

5 Gehringer et al. (2016) find that rationalization, human capital and information and communication
technologies are the main drivers of predicted TFP in the European Union.
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information is formed by the lagged first differences of TFP series and a number of
error correction (EC) terms equal to the cointegration rank (Vahid and Engle 1993).6

Common trends and common cycles appear in the macroeconomics literature in
several theoretical models.7 One reason is that ‘...the estimates of trends and cycles
of the data allow to answer a question considered important by most authors in the
applied macroeconomics literature: do permanent or transitory shocks explain the
bulk of the variance of aggregate data?’ (Issler and Vahid 2001, p.460).

Moreover, the use of cointegrating restrictions (if correctly imposed) leads to effi-
ciency gain in estimating the dynamic models of many economic time series. It is
expected that efficiency gain can be enhanced by using common-factor restrictions on
short-run components (common cycles). The joint use of common-trend and common-
cycle restrictions would lead to more precise estimates of the dynamic models than
those based on common-trend restrictions alone or on alternative methods.

Finally, in the special case where the number of common trends (ct) and common
cycles (cc) adds up to the number of time series (ts), trend and cyclical components
can be calculated as simple linear combinations of the data, without imposing a pri-
ori conditions on the relationships existing among the different type of shocks in the
economy. Even if the convenience of recovering trends and cycles as linear combina-
tions of data is lost when the above condition does not hold, imposing reduced-rank
restrictions on the VECM continues to increase the efficiency of the results.

3 Data and Empirical Analysis

3.1 TFP: The PennWorld Table 9.1

Our analysis makes use of Total Factor Productivity time series (at constant national
prices) from theUniversity ofGroningen and theUniversity ofCalifornia,Davis for the
period1954–2017 that are included in thePennWorldTable (PWT)9.1.8 Makinguse of
prices collected across countries in benchmark years by the International Comparisons
Program (ICP), and using these prices to construct purchasing-power-parity (PPP)
exchange rates, PWT converts gross domestic product (GDP) at national prices to a
common currency, U.S. dollars, making them comparable across countries (Feenstra
et al. 2015, p. 3150).

There are a number ofmeasurement issues related to TFP that need to be considered.
Among them, the need to correctly estimate capital and labor inputs. Further, the basic
Solow residual calculation assumes that the factors of production are flexible and
fully employed (Solow 1957). This may not be the case if there are costs involved
in hiring and firing or in installing new machines and equipment. Finally, firms may
respond to short-run fluctuations in demand by varying the degree of capital (and labor)

6 The EC is the one calculated on the basis of the cointegration vector.
7 The existence of both common trends and common cycles can be illustrated by the standard real business
cycle model of King et al. (1988). As discussed in Issler and Vahid (2001), the dynamic stochastic general
equilibrium model developed by King et al. (1988) suggests that output, consumption and investment have
a common trend and a common cycle.
8 Time series are available at https://www.rug.nl/ggdc/productivity/pwt/.
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utilization.9 Some of these measuring issues have been taken care in calculating TFP
time series included in the most recent version available of the Penn World Table
(PWT) 9.1.

First, Version 9.1 PWT includes measures of physical and human capital and esti-
mates of productivity based on the translog production function, which allows for
substitution elasticities to differ across countries and over time (Feenstra et al. 2015).

Second, the share of labor income inGDP is estimated and combinedwithmeasures
of human capital to arrive at measures of total factor productivity (TFP). The index of
human capital per worker is based on the average years of schooling, and an assumed
rate of return for primary, secondary and tertiary education.

Third, differently from the previous version PWT9.0, the productive capital input is
based on capital services instead of the capital stock. Themeasure of physical capital is
obtained by the estimation of the user cost of capital and comparing the implicit rental
price of capital and the level of capital services rather than capital stock. The user
cost of capital is based on asset-specific rate of depreciation. Thus, the depreciation
rate varies across countries and over time. By moving to a capital services framework,
each capital input is treated symmetrically with labor input as a relative input level,
weighted by the revenue share of that factor input. As a result, the relative TFP levels
tend to be higher relative to the United States based on the PWT 9.1 methodology than
based on the previous methodology, but with no systematic pattern across countries
(Inklaar et al. 2019).

Finally, PWT 9.1 includes a TFP measure that allows for comparisons across coun-
tries at a point in time (variable CTFP) and a measure that allows comparisons within
countries across the years (RTFPN A). In this paper we make use of RTFPN A because
of the time-series nature of our analysis. All RTFPN A time series are annual indexes
with base 2011 = 100 and span from 1954 to 2017 (Feenstra et al. 2013, 2015).

There are some caveats concerning the use of Total Factor Productivity time series.
Lipsey and Carlaw (2000) provide nine different quotations referred to TFP measures
taken from the economic literature and group them in three main positions:

• Changes in TFP measure the rate of technical change;
• TFP measures only the free lunches of technical change, which are mainly asso-
ciated with externalities and scale effects;

• TFP measures anything useful.10

Our approach to the use andmeanings of TFP is somewhat eclectic.We still interpret
changes in TFP as a measure of modifications occurred in the way the economy
generates income, suggesting that these changes are related to types of externalities,
such as institutions or market imperfections.

Keeping in mind these caveats, we now move to data analysis.
The dynamics of the seven TFP series are plotted in Fig. 1, while Fig. 2 shows the

corresponding TFP rate of growth. Shaded areas represent two of most important time
periods in terms of economic growth for developed economies, which are common to
all seven countries. The first shaded area refers to the fabulous Sixties during which

9 See Groth et al. (2004).
10 According to Griliches (1994), TFP is at best a measure of our ignorance.
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Fig. 2 Total factor productivity growth

the TFP recorded an increase as a consequence of a prolonged expansion in investment
in the years following the end of the second world war. The second one, which again
mark another phase of increasing TFP, refers to the time period that starts in the
early Nineties characterized by the diffusion of ICTs and Internet as main driving
forces of economic growth. Particularly, Internet drove business transformation and
economicmodernization by also rejuvenating traditional activities. Indeed, the Internet
technology has enabled fundamental business transformations that spans the entire
value chain in virtually all sectors and types of companies (see Dedrick et al. 2003;
Manyika and Roxburgh 2011; Antonelli et al. 2013). The economic crisis of 2008
seems to have only temporarily stopped the increasing trend of TFP that, instead,
continued to growth only in Japan, Germany, the UK and the USA. In the most recent
years the TFP growth rates are negative in Spain, France, and Italy. Therefore, the
former club of countries returned to their pre-crisis TFP levels faster than the latter.
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Table 1 Total factor
productivity growth rates (means
of annual percentage growth
rates). . Source: Our calculations
on data from University of
Groningen and University of
California, Davis. PWT
9.1—total factor productivity at
constant national prices

1954–2017 2008–2017

Germany 1.59 0.62

France 1.45 −0.20

Italy 0.79 −0.48

Japan 1.15 0.42

Spain 1.18 −0.12

UK 0.53 0.02

USA 0.71 0.54

Figure 2 shows that the means of annual percentage growth rates of TFP over
the whole period show significant differences among the seven economies. Indeed,
Germany and France record the largest average growth rate at 1.59% and 1.45% per
year respectively, followed by Spain and Japan (1.18% and 1.15%, respectively) (see
Table 1). Column 2 of Table 1 showsmean TFP growth rates for the most recent period
(2008–2017). It is worthwhile noting that Italy records the largest negative TFP growth
rate (− 0.48%), followed by France (− 0.20%) and Spain (− 0.12%). 11

3.2 CommonTrends and Common Cycles in TFP

To obtain a more precise description of TFP we rely on the common trend–common
cycle (CTCC) method developed by Vahid and Engle (1993), Engle and Issler (1995),
and Kozicki (1993).

The CTCC methods requires three fundamental steps.
The first step is a test of Total Factor Productivity nonstationarity. This was carried

out by means of the Modified Dickey–Fueller (DF-GLS) test.12 Results from the DF-
GLS test are shown in Table 2 and support the null hypothesis of nonstationarity for
all seven time series.13

The second step involves tests for the presence of cointegration among the series.
We employ Johansen’s (1988, 1991) technique, which estimates the number of linearly
independent cointegrating vectors (r). We consider the data as being approximately
well described by a Vector Autoregression model (VAR) with a restricted (linear)
time trend both in the cointegration space and data (‘Model 1’ in the context of the
Johansen’smethodology).14 Table 3 shows Johansen’s trace statistic test for the system
containing the time series of Total Factor Productivity for Germany, France, Italy

11 A less dynamic business growth distribution is associated with lower productivity growth. Importantly,
both a higher share of growing and shrinking firms are correlated with faster productivity growth. Indeed,
European countries have on average a lower share of high-growth firms than the US. But they also have
fewer medium-growth firms and fewer shrinking firms. At the same time, Europe has a much larger share
of ‘static’ firms, that is, firms that neither expand nor contract in a 3-year period (Bravo Biosca 2010).
12 Elliott et al. (1996), and later studies, have shown that this test has significantly greater power than the
previous versions of the augmented Dickey-Fuller test.
13 Unit root tests confirm that the first differences of the original series are I(0).
14 See previous footnote.
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Table 2 Augmented
Dickey–Fuller (DF-GLS) test:
1956–2017

Test statistic 5% critical value Optimal lag

Germany − 1.670 − 3.150 1

France − 0.728 − 3.032 4

Italy − 1.470 − 2.935 6

Japan − 1.068 − 3.076 3

Spain − 2.068 − 2.831 8

UK − 2.009 − 2.985 5

USA − 2.135 − 2.985 5

Null: time series is nonstationary

Table 3 Johansen tests for cointegration: 1955–2017 (r = number of cointegrating relationships)

Null Log likelihood Eigenvalue Trace statistic 5% critical value

r = 0 1337.8 . 171.0 146.76

r <= 1 1367.1 0.61 112.37* 114.90

r <= 2 1385.6 0.44 75.36 87.31

r <= 3 1399.1 0.35 48.37 62.99

r <= 4 1409.4 0.27 27.80 42.44

r <= 5 1416.1 0.19 14.12 25.32

r <= 6 1421.2 0.15 4.10 12.25

r <= 7 1423.3 0.06 . .

Japan, Spain, UK and the USA. The first ‘trace statistics’ value smaller than the 5%
critical value is for r< = 1. This result, combined with the rejection of the null
that r = 0, allows us to conclude that there is only one cointegration vector that, in
turn, implies that TFP of the seven countries does not converge. The latter result is
consistent with national economies characterized by different structures, institutions,
market imperfections and, likely, by different technology shocks.15 Indeed, finding
only one cointegrating vector rules out the possibility that TFP data of the seven
countries have one common stochastic trend. Since the rank of the cointegrating space
is 1, the seven TFP series will share six idiosyncratic common trends.

Table 4 shows the estimated cointegration vector on the base of a Vector Error
CorrectionModel (VECM) and conditioning on two lags of the endogenous variables.
Estimated coefficients are statistically significant and all residuals passed autocorre-
lation tests, a desirable feature since Johansen’s test assumes independent Gaussian
errors.16

The third step involves tests for the existence of common cycles. The procedure
developed by Vahid and Engle (1993) suggests looking for linear combinations of the
series, i.e. Total Factor Productivity, that are uncorrelated with any linear combination
of the RHS variables of the Error Correction Model formed with a number of error

15 On this topic see Bernard and Durlauf (1995).
16 All residuals passed the normality tests, but Germany and France.
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Table 4 Cointegration vector estimates

Coefficient Residual Residual
Normality test Autocorrelation test
(Jarque–Bera, χ2) (Lagrange multiplier, χ2)

USA 1 0.992 ..

Germany − 1.706*** 10.851 ..

(0.643)

Italy − 1.895*** 1.121 ..

(0.451)

France 4.176*** 6.870 ..

(0.917)

Japan − 1.921** 2.269 ..

(0.819)

Spain 1.225** 1.935 ..

(0.538)

UK − 0.723** 2.788 ..

(0.286)

All countries .. 26.852 ..

Lag 1 .. .. 47.898

Lag 2 .. .. 51.034

∗∗∗,∗∗,∗Statistically significant at the 1%, 5% and 10% probability level

correction terms equal to the cointegration rank. This is equivalent to imposing a
reduced rank condition on the coefficient matrix of lagged TFP growth rates and error
correction terms. Vahid and Engle suggest performing this reduced rank condition test
by canonical correlation analysis. In this case, the cofeature rank, s, is the number of
statistically zero canonical correlations and the number of common cycles is equal to
the number of series minus s.

Table 5 shows the results of the common-cycle tests carried out by means of the
Wilks’ Lambda Statistic and its corresponding F-test of the null hypotheses that the
current and all smaller canonical correlations are statistically zero. As noted before,
the cofeature rank s is the number of statistically zero canonical correlations. At the 5%
level, the test cannot reject the hypothesis that the six smallest canonical correlations
are statistically zero, which implies that s is six. Thus, the seven TFP series share one
common cycle and do have similar short-run fluctuations. This feature of the data set
exemplifies the basic thrust behind Burns and Mitchell’s (1946) research.

4 Interpreting Common Trends and Cycles

Once we have trends and cycles of each TFP series, we are able to calculate their
innovations. In the case of stochastic trends, innovations are the first differences of the
trend series, while in the case of cycles they are the residuals from regressing cycles on
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Table 5 Canonical correlation analysis: 1957–2017 (Wilk’s Lambda test: significance of canonical corre-
lation, s)

Null Canonical
correlations

Wilk’s
Lambda
statistic

Degrees of
freedom
Num./Denom.

F

s = 7 0.889 0.076 56/253 2.780***

s = 6 0.587 0.360 42/223 1.297

s = 5 0.487 0.549 30/194 1.045

s = 4 0.423 0.720 20/163 0.852

s = 3 0.247 0.876 12/132 0.565

s = 2 0.226 0.933 6/102 0.598

s = 1 0.128 0.983 2/52 0.435

∗∗∗,∗∗,∗Statistically significant at the 1%, 5% and 10% probability level

Table 6 Correlations between innovations and variance decomposition analysis (1955–2017)

Correlation coefficients Trend innovationsa Cycle innovationsb

Germany − 0.93∗∗∗ 62.1 37.9

France − 0.97∗∗∗ 3.1 96.9

Italy − 0.97∗∗∗ 63.6 36.4

Japan − 0.93∗∗∗ 58.0 42.0

Spain − 0.95∗∗∗ 3.7 96.3

UK − 0.31∗∗ 98.5 1.5

USA 0.11 97.4 2.6

∗∗∗,∗∗,∗Statistically significant at the 1%, 5% and 10% probability level
a% of the variance of TFP innovation attributed to trend innovations
b% of the variance of TFP innovation attributed to cycle innovations

past information (cycles lagged 1 and 2). Decomposing each TFP series into trend and
cyclical components raises the question of whether the cyclical innovations explain a
significant proportion of the forecast errors of TFP fluctuations. To determine this, the
relative importance of permanent and transitory shocks in explaining the variance of
TFP is assessed using a forecast error variance decomposition (Issler and Vahid 2001;
Chen and Mills 2009).17

Table 6 shows results of the correlation analysis between trend and cycle innovations
in each country, and their variance decomposition analysis.

Trend and cycle innovations are negatively, and statistically significant, correlated
in all countries, but the USA, supporting the ‘opportunity cost’ approach to produc-
tivity growth for these countries (Saint-Paul 1993). According to it, the intertemporal
substitution of productivity-improving activities along the business cycle predicts that
recessions are associatedwith a higher pace of productivity-improving activities. Thus,

17 In both cases we run Lagrange Multiplier tests to check for residual serial correlation. In all tests we
accepted the Null of no residual serial correlation.
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Table 7 Number of positive trend innovations

≤ 1980 1981–1990 1991–2000 2001–2010 2011–2017 1951–2017

Germany 15 7 7 6 7 42

France 13 6 5 4 7 35

Italy 13 4 6 2 6 31

Japan 15 7 5 4 7 38

Spain 14 6 5 3 7 35

UK 14 7 10 8 6 45

USA 18 9 8 8 5 48

Innovations are the first differences of the stochastic trend series

countries during recessions react to negative shocks by restructuring their production
system.

Illustrative of the differences that characterize the seven economies are the results
of the variance decomposition of Table 6. Trend innovations are larger than cycle
innovations in all countries, but France and Spain. This empirical feature may be
addressed within macroeconomic models with long-run changes in technologies and
government policies (Hansen and Ohanian 2016). The authors show the empirical
importance of very long-run movements in aggregate variables relative to traditional
business cycle fluctuations using long-run annual US data, and postwar European
data. Further, they find that low frequency movements in aggregate time series are
quantitatively large than the traditional business cycle component.

Finally, as the trend-innovation effects are permanent while the cycle-innovation
effects are only transitory, and the trend innovation explains a significant proportion of
total TFP variance in nearly all countries of our analysis, we further investigate trend
innovations.

Table 7 shows the number of positive trend shocks.Over thewhole time period, Italy
recorded the lowest number of positive trend shock (31), while the USA the largest
(48). In most recent sub-period (2001–2017), data confirm the analysis of Table 1
according to which UK, Germany, Japan and USA experienced the most dynamic
TFP growth rates. Again, Italy is the country with the lowest number of positive trend
shocks (8).

4.1 Deep Determinants of Economic Growth

Toprovide someexplanations for the differences observed inTFP secular trends among
the seven advanced economies, we turned ourselves to analyze the ‘deep’ determinants
of economic growth such as the presence of efficient markets and institutions, efficient
mechanisms of creation and transmission of knowledge, the degree of international
integration. We also limited our analysis to the most recent sub-period for which more
data on the ‘deep’ determinants of economic growth are available.

As discussed above, one of the most powerful mechanisms behind TFP dynamics
is the ease of each economy to reallocate resource that favors productivity-improving
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activities. The reallocation of resources from less to more productive businesses is
mainly affected by businesses’ dynamism, both in terms of growth and contraction.
A less dynamic business growth distribution is associated with lower productivity
growth. Importantly, both a higher share of growing and shrinking firms are correlated
with faster productivity growth. This business churning means more experimenta-
tion/innovation and, in the long run, higher productivity through the selection of the
most efficient firms. In a ‘lock-in context’, such as the Italian one, firms are following a
risk-averse approach. Too many firms appear either unwilling or unable to experiment
and exploit new growth opportunities. As a result, they fail to innovate effectively. The
benefits of innovation are only maximized when firms build on it. This means expand-
ing and replacing less successful firms, driving productivity, and the GDP growth in
the process.18

To generate its benefits this process needs an environment where not just barriers to
entry, but also barriers to growth and contraction, such as improving product and labour
market regulation, better access to finance and to markets across borders, are removed.
Table 8 summarizes some data related to the ease of doing business, competitiveness,
and innovation in our countries in the recent years. The first two rows of Table 8
show the ranking on the ease of Doing Business (DB) in 2005 and 2017 (World Bank
2006, 2018a). DB ranking captures eleven important dimensions of the regulatory
environment affecting domestic firms. It provides quantitative indicators on regulation
for starting a business, dealingwith construction permits, getting electricity, registering
property, getting credit, protecting minority investors, paying taxes, trading across
borders, enforcing contracts and resolving insolvency. DB also measures features of
labor market regulation which are reported as a separate section and not included in
the ranking.

USA is the country with the best ranking (lowest score), followed by UK, in both
years. Japan registers a deterioration of the ranking losing 24 positions between 2005
and 2017, while, for instance, France gained 13 positions. Although Italy has improved
its ranking, it is still the country with the worst ranking. That is, Italy is the economy
with the worst conditions to do business.19

If we rank our countries according to the number of innovations of the recent period
(better rank higher number), and compute Spearman’s rank correlation coefficient
between the ease of doing business and the number of innovations, it is equal to 0.77,
and statistically significant al the 5% probability level. In particular, the positive TFP
innovations seem to translate into higher GDP growth in those countries characterized
by more efficient deep determinants, largely supporting the hypothesis according to
which long-run TFP performance is positively related to the degree of institutional
and market efficiency.

18 See Bravo Biosca (2010).
19 The Italian economy, especially itsmanufacturing, still finds itself ‘locked-in’with a production structure
that on average has not been changing much during the last 25–30 years and failed to converge towards
the most developed European countries such as France and Germany. However, it is not clear if this ‘lock-
in effect’ is the cause or the result of the ‘missing’ intertemporal substitution of productivity-improving
activities. More likely the two phenomena tend to reinforce one-another and increase the gap between the
Italian TFP and that of the other most industrialized countries.
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Table 8 Trend innovations and their deep determinants (2001–2017)

France Germany Italy Japan Spain UK USA

DB 2005a 44 19 70 10 30 9 2

DB 2017a 31 20 46 34 28 7 6

Number of innovation b 11 13 8 11 10 14 13

GDP growth ratec 1.11 1.57 − 0.06 0.76 1.12 1.52 1.76

aA high ranking on the ease of doing business index means that the regulatory
environment is more conducive to the starting and operation of a local firm (World Bank 2006, 2018b).
bFrom Table 7 as number of innovations for the period 2001–2017.
cAnnual percentage growth rate of GDP at market prices based on constant local currency (2005–2017).
Aggregates are based on constant 2010 U.S. dollars (World Bank)

5 Alternative Trend and Cycle Decomposition

As stated above, the analysis of the time series and the definition of cycle and stochastic
trend used in this paper follow the literature on the breakdown of series in the short
and long run. Thus, the diversity and contribution of our analysis lies in the fact that
the breakdown is obtained through a statistical methodology based on the concept of
cointegration, which does not require any theoretical a priori.

We can however ask ourselves what relationship exists between this methodology,
that enhances the stochastic properties of the time series, and the more traditional
ones, such as the Hodrick–Prescott filter (HP) (1981, 1997), where it is assumed that
the trend is deterministic although not linear. Thus, in this section we present results
obtained by means of HP filter.

Like other trend removal techniques such as trend regression, moving average de-
trending, and band-pass filtering, the HP filter is often used to produce new time series
such as potential GDP and the output gap that are useful in macroeconomic modeling
and monetary policy research. Recently, the usage of the HP filter as a measure of
potential output is debated (Phillips and Jin 2015; Hamilton 2018). On the one side,
the HP filter can encompass long run behavior related to a vast range of alternative
data generated processes. On the other side, a drawback discussed by Phillips and Jin
(2015) is related to the finding that the processes that lie within the natural capture
range of the HP filter depend on the value of the smoothing parameter in relation to the
sample size. Accordingly, Hamilton (2018) argues that the HP filter produces series
with spurious dynamic relations that have no basis in the underlying data-generating
process; moreover, filtered values at the end of the sample are very different from those
in the middle, and are also characterized by spurious dynamics; finally, the smoothing
parameter should theoretically have values largely different from common practice
values.20

However, keeping inmind these limitations, additional evidence can help to improve
our knowledge of trends and cycles and their relationship and correlation over time.

20 Hamilton (2018) proposes an OLS regression of the observed non-stationary time series on a constant
and its four most recent values. The stationary, or cyclical, component is then obtained from the residuals.
Schuler (2018) argues that Hamilton’s ad hoc formulation of a 2-year regression filter implies a cancellation
of 2-year cycles and an amplification of cycles longer than typical business cycles.
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Table 9 Correlations between innovations and variance decomposition analysis 1955–2017 (HP trend
series)

Correlation coefficients Trend innovationsa Cycle innovationsb

Germany − 0.27∗∗ 39.5 60.5

France − 0.36∗∗∗ 35.7 64.3

Italy − 0.35∗∗∗ 22.3 77.7

Japan − 0.33∗∗∗ 31.0 69.0

Spain − 0.21 55.6 44.4

UK − 0.44∗∗∗ 23.8 76.2

USA − 0.31∗∗ 37.0 63.0

∗∗∗,∗∗,∗Statistically significant at the 1%, 5% and 10% probability level
a% of the variance of TFP innovation attributed to trend innovations
b% of the variance of TFP innovation attributed to cycle innovations

To this aim, we apply the HP filter to the original TFP series to obtain trend and
cycles, and replicate the analyses of the previous Sect. 4, Tables 6 and 7.

Table 9 shows results of the correlation analysis between trend and cycle innovations
obtained by means of the HP filter in each country, and their variance decomposition
analysis (see Table 6 for comparison). For all countries, trend innovations are com-
puted as follows. As first differences of the HP trend series are always autocorrelated,
we first differentiate the percentage variation of the trend series and then define trend
innovations as residuals of ARIMA (2;0;1) models of these new series.21 Cycle inno-
vations are defined as the residuals of the first differences of AR(1) models for all
countries, but Spain and Germany, for which the models are AR(2).

As in the previous analysis, trend and cycle innovations are negatively, and sta-
tistically significant, correlated in all countries, except Spain, supporting again the
‘opportunity cost’ approach to productivity growth for these countries.

As for results related to the variance decomposition of Table 9, we obtain that,
differently from the previous section, the contribution of cycle innovations is generally
larger than that of trend innovations. Indeed, HP filter generates a smoothed trend, so
that part of the variance that in the CTCC decomposition is attributed to the stochastic
trend, when using HP filter it is attributed to the cycle, likely explaining the reason
for the different innovation weights. Therefore, while the findings of Table 9 are
consistent with the hypotheses at the basis of the HP methodology, we still may
argue that low frequency movements in aggregate time series continue to explain an
important proportion of aggregate variance.

Finally, Table 10 shows the number of positive trend shocks. Differently from
results of the previous Table 7, if we consider the whole period, or just the most
recent sub-period (2001-2017), data do not confirm the analysis of Table 1. Indeed,
according to Table 10, the most dynamic TFP growth rates are recorded in Spain (36

21 The HP trend and cycle decomposition was made by using GRETL program, version 2020b. We also
use alternative definitions of trend innovations such as residuals from ARIMA models applied at the log of
the original HP trend series. Findings are consistent with those presented in this section and available upon
request from the authors.
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Table 10 Number of positive trend innovationsa

≤ 1980 1981–1990 1991–2000 2001–2010 2011–2017 1951–2017

Germany 10 6 5 6 3 30

France 10 6 6 7 5 34

Italy 11 5 5 7 5 33

Japan 11 4 7 8 5 35

Spain 11 3 5 10 7 36

UK 15 5 5 3 1 29

USA 10 8 6 4 4 32

aInnovations are defined as residuals from ARIMA (2;0;1) models of the differential of the percentage
variation of the HP trend series

and 17) and Japan (35 and 13), while the country with the lowest number of positive
trend shocks is the UK (29 and 4). These findings might be related to the fact that HP
filter suffers from a pro-cyclical bias in end-of-sample trend estimates (Mohr 2006).22

Moreover, these findings are also related to Hamilton (2018). Indeed, the HP filter
has serious drawbacks that should severely restrict its application. It involves several
levels of differencing, so that for random walk series, subsequently observed patterns
are likely to be artefacts of having applied the filter, rather than due to the underlying
data-generating process.

We have already discussed at length the difficulty of defining an objective decom-
position between trend and cycles. A deterministic filter can give great importance
to cyclical components, while stochastic trends and co-integrated cycles can trans-
form transitory shocks into permanent effects. We believe that the advantage of the
CTCC approach is to provide a statistical methodology that reduces the range of sub-
jectivity on the topic of time series decomposition. Accordingly, we may conclude
that stochastic components are essential elements in any analysis of macroeconomic
fluctuations and that their correlation can be successful in explaining the long- and
short-run properties of the data analyzed in this paper (Nelson and Plosser 1982).

6 Conclusion

In this paper we applied the common-trend and common-cycle methodology to iden-
tify trend and cycle components of Total Factor Productivity in five major European
countries (Germany, France, Italy, Spain and UK) Japan, and the USA. Subsequently,
to identifies some of the so-called ‘deep’ determinants of trend TFP in each economy.

We found that the seven TFP series share a single common cycles, but they share
more than one single common stochastic trend. Indeed, the number of common
stochastic trend is equal to six that, together with the finding of a single common
cycle, gives rise to a special situation according to which we were able to identify
trend and cycle components without imposing a priori conditions on the relationships

22 As discussed in Mohr (2006) the trend values of the last sample periods can change significantly when
the sample is extended with the arrival of new data.
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existing among the different type of shocks in the economy, as in the case of other
time series decomposition analyses.

Although TFP dynamics in advanced economies has been investigated before, find-
ing six stochastic trends and a common cycles constitutes new evidence regarding this
data. Moreover, this finding is relevant for calculating more precisely the relative
importance of permanent and transitory shocks at business-cycle horizons, as the per-
sistent and possibly permanent effects of recessions imply that what we refer to as
cyclical events might affect the secular trend (Cerra et al. 2020).

Once the trend TFPs of the seven economies were calculated, we tried to speculate
on some of their ‘deep’ determinants, namely efficient markets and institutions.

Our results, using data on the most recent sub-period (2001–2017) for which we
were able to collect information, seem to support our hypothesis according to which
long-run TFP performance is positively related the degree of institutional and market
efficiency. Thus, these findings, though essentially descriptive and not generalizable
given the limited number of observations, are consistent with our hypothesis that in
those economies equipped with greater growth potential trend positive shocks turn
into stronger GDP growth. However, further research is needed along this direction.

As policy implications, we believe that governments should increasingly aim at
reducing market imperfections that hinder businesses’ dynamism and, consequently,
the reallocation of resources from less to more productive investment, and improving
the mechanisms of creation and transmission of knowledge, especially those related
to universities. Policies aimed at solely reform labor market, raising its flexibility,
without driving firms towards innovation and skilled investments can have the unin-
tended consequence toweaken the degree of competition and the aggregate technology
advancements of economies.
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