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Angeletos et al. (2020) (ACD) identify a main shock among oscil-
lations for 10 variables, including Total Factor Productivity (TFP). A
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striking conclusion is that the "main" shock has little effect on TFP,
from which ACD call into question models that make TFP important
for cycles. We show that this result is not robust to an alternative
definition of the cycle. When we identify cycles with NBER turning
point methods, and allow TFP shocks to be exogenous instead of en-
dogenous as in ACD, they have an impact that tends to be larger than
the "main" shock of ACD. TFP matters.

1 Introduction

Anatomy is the identification and description of the body. Knowledge of it
is crucial to dissection. Angeletos et al (2020) (ACD) have looked at the
anatomy of a body called "business cycles" and have proposed dissections
that reveal what affects it. Their dissections find a main component to what
they call the "business cycle" and they term it’s driver the main business
cycle (MBC) shock. They then ask about its importance in explaining the
volatility of various economic series. To quantify this they indicate that
the MBC accounts for 73.7% of the unemployment rate volatility, 57.8% for
GDP, 61.1% for investment but only 5.7% for TFP. A striking conclusion
they then reach is that "..the data speak against theories that attribute the
bulk of the business cycle to any of the following forces: technology shocks;
financial, uncertainty, and other shocks that matter primarily by affecting
aggregate TFP; news about medium to long-run productivity prospects; and
inflationary demand shocks".(p. 3062) and "the MBC shock is disconnected
from TFP at all frequencies" (p 3033). This leads to a conclusion that models
need to be built that do not have TFP as a main element in business cycles.
In this comment we ask if that is a reasonable recommendation? We do this
by raising a number of questions.

A first question is whether the body being studied by them is the most
relevant one? In their work they define it as an oscillation between 6 and 32
quarters (from π

3
to π

16
for quarterly data). In section 2 we look at whether

there is another body that might be selected. Indeed there is one, namely
the business cycle as defined by Burns and Mitchell (1946) and the NBER.
ACD say about their choice "A long-rooted convention in empirical macro-
economics identifies the business cycle with the fluctuations occurring in the
6—32 quarters range in the frequency", and, in footnote 26, "This convention
stretches back at least to Mitchell". No reference is given. As section 2 lays
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out, Burns and Mitchell (1946) were looking at turning points in series in
order to find a cycle in economic activity. Thus it seems more appropriate
to think that this would be a better definition of the cycle that Mitchell was
interested in, rather than the oscillatory one proposed by ACD. In order to
avoid controversy we will call what Burns and Mitchell studied the activity
cycle and the one studied by ACD the oscillatory cycle. A key question then
becomes whether the results they find for the oscillatory cycle are the same
as for the activity cycle. There is a connection between these two and section
3 looks at that while section 4 sets out our general approach.

A final question is whether the focus should be on the extent to which
the MBC accounts for the volatility of TFP? Perhaps a more appropriate
question would to be to ask how much TFP shocks account for the volatility
of activity variables. That is the sort of question which DSGE models were
designed to deal with. In order to do that one needs to be able to isolate a
TFP shock. In ACD TFP is taken to be fully endogenous and so there is no
identification of a TFP shock. Following DSGEmodels it seems to make sense
to assume that TFP is exogenous and that does provide an identification. In
fact, DSGE models generally take TFP to be a strongly exogenous process
and we find that making TFP weakly or strongly exogenous makes quite a
difference to the conclusions which ACD reach. By weak exogeneity we mean
that TFP can depend on past but not contemporaneous variables while strong
means TFP depends only on its past history. Basically we will ask what TFP
shocks account for, and not what drives TFP. This seems a more natural way
of looking at the drivers of cycles.

In section 5 we turn to empirical evidence with their data. We start by
concurring with their results above for the oscillatory cycle, although our
analysis suggests that the numbers are lower. Moreover, when we allow TFP
shocks to be exogenous, the contribution of TFP is significant, although
certainly not of the magnitude of their MBC. When one moves to look at
the activity cycle there are major changes with TFP being much the same
contributor as the "main" shock. So the nature of the body that is being
described produces a different conclusion. One therefore has to decide which
is the relevant body to focus on and the conclusion in Section 6 speculates
on that.
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2 What is a Cycle?

In history, cycles in a variable such as the log of output yt involved the study
of turning points in yt i.e. the location of the points in time when yt starts
to fall or rise. Burns and Mitchell (1946) did this. They will depend upon
∆yt, as a fall (rise) at t must mean a change in the sign of ∆yt from what it
was at t−1. This turning point orientation is the basis of the NBER’s dating
of business cycles. Consequently, to study the business cycle one needed to
study the process for ∆yt and so the mean, variance and serial correlations
of ∆yt were key features in the process, although other moments could be
important as well. Because it is probably the case that the term "business
cycles" seems to be owned by everyone now and has lost its original meaning,
we propose calling what institutions such as the NBER do as looking for a
cycle in activity. Indeed, they generally consider turning points in more than
one series to come up with what is called the "reference cycle". Given an
activity cycle we might be interested in what the main shocks are that drive
it. Prima facie these would be those that account for the greater part of
the variance of the ∆yt. It needs to be observed however that turning points
in yt also depend on the size of the long run means in ∆yt and not just the
variances.

Now the ACD approach is to instead study oscillatory cycles. These in-
volve looking at the cycle in a series by focussing upon a range of oscillations,
such as the 6 to 32 quarter frequencies. This is done with Band Pass Filters.
Such filters produce a series y∗t = W (L)yt, where W (L) =

�M

j=−M wjL
j, and

the weights wj depend on the range of frequencies one wants. It seems a
little strange that oscillations between 6 to 32 quarters are selected, as these
were the range of cycle lengths found by the NBER for U.S. aggregate activ-
ity when using turning points, and did not come from studying oscillations.
However, we leave that aside in this paper and work with what ACD adopt.
As one might expect when looking at y∗t and yt above there may well be ma-
jor differences between the two concepts of cycles, namely those found with
turning points and those with oscillations. Drawing conclusions from just
one of these definitions about what shocks are important for model design
seems premature and so we turn to a deeper investigation of the relation
between the two types of cycles in the next section.

Given there are two ways of looking at cycles we will follow the ACD
methodology and isolate two different "main" shocks. That for oscillations
will be called the Main Oscillatory shock (MOC) and that for activity will
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be the Main Activity Shock (MAC).

3 Relations between Activity and Oscillatory

Cycles

A main shock can be found for both ways of looking at a cycle. The MAC
emerges from a study of ∆yt while the MOC emerges from the band-pass
filtered y∗t . So to begin we ask what the relation between y∗t and ∆yt would
be. Suppose we formed a band pass filtered series for a single variable zt,

namely z∗t =
M�

k=−M

ωjzt+k, where the weights just depend on the frequencies

you want to extract. There are a number of BP filters. In Baxter and King
(1999) M is set to some value. Christiano and Eichenbaum (2003) have two
versions depending on whether anM is set or it changes as one gets closer to
the end points of the data. Kulish and Pagan (2021) explain what the form
of these filters. To look at these more closely take the Baxter-King version
and set M = 3. Then the weights are

ω0 = 0.165988, ω±1 = 0.108719, ω±2 = −0.027920, ω±3 = −0.163794

It is clear that
M�

k=−M

ωj = 0 and this is true of anyM and for all Band-pass

filters. It is also the case that ω−j = ωj. Therefore

z∗t = ω0zt + ω1zt−1 + ω2zt−2 + ω3zt−3 + ω1zt+1 + ω2zt+2 + ω3zt+3

= (
3�

k=−3

ωj)zt − (ω1∆zt + ω2∆2zt + ω3∆3zt−3) + ω1∆zt+1 +

ω2∆2zt+2 + ω3∆3zt+3

= −(ω1∆zt + ω2∆zt + ω2∆zt−1 + ω3∆zt + ω3∆zt−1 + ω3∆zt−2)

+ω1∆zt+1 + ω2∆zt+2 + ω2∆zt+1 + ω3∆zt+3 + ω3∆zt+2 + ω3∆zt+1

= −(ω1 + ω2 + ω3)∆zt − (ω2 + ω3)∆zt−1 − ω3∆zt−2

+(ω1 + ω2 + ω3)∆zt+1 + (ω2 + ω3)∆zt+2 + ω3∆zt+3
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so that z∗t is a weighted average of ∆zt±j. We could write this as

z∗t = (−b1 + b1L
−1 − b2L+ b2L

−1 − b3L
2 + b3L

−3)∆zt

where

b1 = ω1 + ω2 + ω3

b2 = ω2 + ω3

b3 = ω3.

One can see the pattern here. Accordingly, for any M there will be a B(L)
that has backward and forward terms.

From this expression we can see that turning points in z∗t will depend on
∆z∗t , that is ∆

2zt . The cycle in zt, which is based on the signs for ∆zt, will
be different to that based on z∗t , which will depend on the signs for ∆2zt.
In fact the latter cycle is much closer to what has been termed the growth
rate or acceleration cycle - Harding and Pagan (2016). If one takes the per
capita GDP data given in ACD, and dates turning points using the BBQ
algorithm in EViews11, one finds that expansions would be 19.7 quarters
long and contractions 4. When one does the same with the band-pass filtered
data one gets 6.2 and 5.1 quarters respectively. The first of these implies a
complete cycle length of around 6 years while the second is just 3 years. The
first magnitudes would be familiar from NBER Business Cycle dating for
US activity, although expansions are shorter and recessions longer. However,
some of this discrepancy is due to the use of per capita data by ACD, as
log-run growth in per capita GDP is less than GDP and hence makes it more
likely that ∆zt < 0.1 It is sometimes thought that filtering data to capture
oscillations between 6 and 32 quarters would produce an average cycle length
of 19 quarters but, as set out in Kulish and Pagan (2021) and Harding and
Pagan (2016), this is incorrect. If one had a series composed of (say) the
two oscillations of 6 quarters and 24 quarters, then their sum would have
a turning point cycle of 6 quarters, simply because there are more turning
points in the first oscillation than the second.

1The NBER do not work with per capita quantities as the aim is to measure aggregate
activity and not per person activity. The latter is closer to a welfare measure.
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4 Performing An Anatomical Investigation

Following ACD we assume a VAR in variables yt. Their analysis starts with
some recursive structure for this VAR, giving the solution as an MA form

yt = Ψ(L)εt,

where εt˜N(0, I). A new cut of the data is made to form new shocks ηt. This
cut defines εt = Qηt, where Q is orthonormal and ηt˜N(0, I). It results in

yt = Ψ(L)QQ
′εt = Ψ(L)Qηt.

To complete the analysis Q needs to be chosen. There are many orthonormal
Q. To select a single value ACD propose that one of the yt is selected as
a target variable and the shock ηjt is chosen as formed with the Q which
maximizes the share of volatility of this variable over the frequency range
corresponding to π

16
to π

3
. That yields a generic MOC. It is not one shock

from the ηjt as there will be some Qj so that each of the ηjt will maximize
the volatility of the target variable.

To see this consider a 2 variable model that is a VAR(1). We use a
recursive model and the first variable is the target. Then the equation for
that is

y1t = β11y1t−1 + β12y2t−1 + aε1t,

where we have made the structural shock ε1t have unit variance. With a
recursive model we have another shock ε2t that has unit variance and is
uncorrelated with ε1t. New shocks are then formed from these with a Givens

matrix Q =

�
cos(θ) − sin(θ)
sin(θ) cos(θ)

�
so

ε1t = cos(θ)η1t − sin(θ)η2t.

Now suppose there is no dynamics i.e. β11 = 0, β12 = 0. The share of the

first shock in var(y1t) is
a2 cos2(θ)

a2
= cos2(θ) and this is unity when θ = 0.

For that Q, which basically says y1t does not depend on η2t , we have that
the share of the first shock in the volatility of y1t is 100%. But it is also the
case that if θ = π

2
then the share of the volatility due to the second shock

is 100%. So, since the chances of simulating these values of θ are the same
we will find that there is no difference between the shares of the shocks in
the volatility of y1t. When there are dynamics one finds the same result but
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now, if θ∗ gives the maximum volatility for η1t, θ∗∗ gives it for η2t, where
cos(θ∗) = sin(θ∗∗).

Suppose the target variable is zt. Then we would have

zt = Syt = SΨ(L)q1η1t + SΨ(L)q2η2t + ...+ SΨ(L)qnηnt

=
n�

j=1

z
(j)
t , (1)

where S is a selection matrix extracting zt from yt, qj is the j
′th column of

Q and z
(j)
t = SΨ(L)qjηjt. Because each z

(j)
t is a function of just ηjt they are

independent of each other, and the spectrum of zt is the sum of the spectra
of z

(j)
t . Once the spectrum of z

(j)
t is found its variance over π

16
to π

3
can be

recovered and the variability of zt can be decomposed into the contribution
of each of the shocks ηjt for any given Q. Running over many Q we can then
find which shock contributes most to the variance of zt.

ACD work in the frequency domain so we convert to that at a frequency
λ via

z
(j)
t (λ) = SΨ(λ)qjηj(λ)

= C(λ)qjηj(λ),

where Ψ(λ) =
�

∞

j=0Ψj exp(−iλj). The spectrum of z
(j)
t at frequency λ is

proportional to C(λ)qjq
′

jC
∗(λ), where C∗(λ) is the transposed complex con-

jugate of C(λ). Hence the required volatility is obtained by integrating
C(λ)qjq

′

jC
∗(λ) over π

16
to π

3
and we can then find the shares of volatility

contributed by each shock and a given Q. The proportional factor is irrele-
vant for the shares. Running over many Q leads us to the value for of Q that
maximizes the share of target variable volatility.

Instead of working in the frequency domain as ACD do, we have found it
useful to adopt a time domain approach that handles both the activity and
oscillation cases. As above it works with the fact that to compute the fraction
of the variance of zt due to different shocks for any Q we need to compute
z
(j)
t . Suppose we want to find the contribution of the first shock to volatility

i.e. to compute z
(1)
t for a given Q. One could just use z

(1)
t = SΨ(L)q1η1t,

since Ψ(L) is given from the estimated recursive VAR. However, if we set all
the ηt to zero, except for η1t, and then solve the VAR equation for zt, this will

produce z
(1)
t . Repeating this process of setting all shocks to zero except for
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ηjt will give all the z
(j)
t , and so enable us to compute the share in volatility

due to each shock. Thereupon, by simulating many Q we can find which Q

produces a shock that maximizes the volatility of zt.
2

This does not address how to find the target variance over a frequency
range. To do that we band-pass filter zt to get z∗t . Then, as seen in Kulish
and Pagan (2021),

z∗t =
n�

j=1

z
∗(j)
t .

So the contribution to the volatility of z∗t over 6 to 32 quarters can be found

from the bandpass filtered z
∗(j)
t .

Finally, once the Q that maximizes the target volatility is located the
variance of the cycle measure used can be constructed for all other variables.
For the activity cycle we would want to examine the contributions to the
variances of ∆yt. For the oscillatory cycle the variances of y∗t are used.

Does one need to use the frequency rather than time domain? ACD
show that targeting the volatility of a variable over 6 to 32 quarters does not
produce the same shock that maximizes the forecast error variance decom-
position (FEVD) over an horizon of 6 to 32 periods. In fact, it turns out that
maximizing the FEVD over a 4 quarter horizon is a better approximation.
Pagan and Robinson (2014) showed why this was true for the activity cycle.
The rule for dating turning points that gives a good match to the NBER
cycle results involves looking at the signs of variables that are combinations
of ∆yt−2,∆yt−1,∆yt,∆yt+1,∆yt+2 i.e. it involves only the same information
as a FEVD over a 4 period horizon. So to work out the turning points in the
activity cycle one does not use FEVD forecast horizons of 6-32 quarters.

5 Empirical Results

5.1 The Oscillatory Cycle

Because a central conclusion of ACD’s work relates to the impact of TFP
shocks one might wish to make various assumptions about its generation in
order to assess how robust this result is. ACD basically allow TFP to depend
on all contemporaneous and lagged values of their 10 variables. It is possibly
doubtful that one would want TFP to depend on some of their variables, such

2We use the simulation method in Arias et al (2018) to generate Q’s.
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as the Federal Funds rate and it may even be questionable that it depends on
the current quarterly values of variables such as per capita GDP.3 A weaker
assumption that allows for some delayed response but not a contemporaneous
one is to restrict TFP to only depend upon lagged values i.e. to make it
weakly exogenous. Finally, one could make TFP strongly exogenous i.e.
it just follows a univariate process whose shocks are uncorrelated with the
others in the model. This is the assumption that most DSGE models use.
It says that TFP does not depend on the levels of GDP, federal funds rate,
inflation etc. If one allows it to depend upon any of the variables it is
impossible to isolate the contribution of TFP shocks without some extra
parametric restriction. It is important to observe that one can isolate a TFP
shock by either assuming TFP is weakly or strongly exogenous, as that is a
parametric restriction on the VAR.

There are two important implications of changing the way the TFP shock
is generated. Firstly, when exogenous we cannot follow what ACD do and
combine all 10 uncorrelated shocks εt to get new ones ηt. The reason is that
when TFP is exogenous it will be placed first in a recursive VAR, and so the
TFP shock is ε1t. If we combined it with the other 9 uncorrelated εjt shocks,
we would have η1t as a hybrid of TFP and non-TFP shocks. Secondly, one
can establish the contribution of TFP to the volatility of any variable simply
by assuming that the SVAR is recursive i.e. without generating any Q′s. This
is because TFP is at the top of the system and does not depend contempo-
raneously on any of the other 9 variables. What we would then have is a
decomposition of yt due to a TFP shock and a Remainder Shock. These are
uncorrelated so we can work out the contribution of TFP to any variable.
Unless we find a Q we can’t decompose the remainder shock into a "main"
shock and the "remaining shocks" without some extra restriction. That is
what ACD do by saying that the MOC maximizes the contribution to the
variance of a target variable.

We estimate a VAR(2) in their 10 variables. When TFP is strongly
exogenous the first equation is an AR(2) and we add ε̂1t to the regressors
of the remaining VAR equations to ensure that the estimated shocks will be
uncorrelated. 1200 observations are simulated from this estimated VAR(2),
followed by generating Q(s) (s = 1, ...1000). The latter is used to construct

3Although Moran and Queralto (2018) do argue that monetary policy can affect busi-
ness innovation and productivity growth by influencing the incentives to develop and
implement innovations.
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ηjt(s). ACD’s target variable of the rate of unemployment over the 6-32
quarter range is adopted. To get that we band pass filter the simulated
unemployment rate data, producing z

∗(j)
t (s).4 This gives 1000 values that

can be used to form var(z∗t (s)), and we choose the shock which maximizes
the contribution over all s as the MOC.

As we have said this can be done by assuming that TFP is either endoge-
nous, weakly exogenous or strongly exogenous. For ACD’s case where TFP
is endogenous we find that the shock that maximizes the volatility of the fil-
tered unemployment rate (the MOC) accounts for 54% of that, 52% for GDP
and 54% for investment, but only 8% for TFP. These numbers are smaller
than they find and it may be because they use a VAR with Minnesota priors
and we don’t. This is suggested in their on-line appendix where they report
a decline to 60% in the share of the unemployment rate results when they did
not use Bayesian estimates of a VAR. Still, the conclusions are qualitatively
the same.

However, this does not tell us that TFP shocks are unimportant, since a
TFP shock has not been isolated. Assuming that TFP is strongly exogenous
one can find the shock and measure its impact. In this case the MOC accounts
for 60% of the volatility of unemployment, 48% for GDP, 51% for investment,
48% of consumption and zero forTFP, which is similar to ACD’s results. The
TFP shock explains 24.2% of Band-pass filtered GDP, 21.4% of investment,
18.6% of consumption, and 17% of unemployment.5 These are important
contributions, although well below that for the MOC. So any oscillatory
cycle measure does not seem to be strongly dependent on TFP shocks.

5.2 The Activity Cycle

We follow the same process as above but now work with ∆yt rather than
y∗t . Some target has to be formulated to determine the MAC. For this we

4One issue is what M needs to be selected. Setting M effectively determines that one
can only compute the filter for t = M to T −M i.e. we need to drop M observations
at the beginning and end of the sample. The band pass filter used by ACD was that of
Christiano and Eichenbaum and was a MATLAB program written by Eduard Pelz. There
it was recommended thatM = 8 for quarterly data i.e. 2 years of data from the beginning
and end of the filtered data series be dropped. Because we will be using simulated data
(of length 1200) we will set M = 100, giving 1000 observations on the band-pass filter.

5When TFP is weakly exogenous the TFP shock accounts for 74.7% of TFP and the
contributions to gdp, consumption, investment and unemployment are 14.2, 14.2, 8.9 and
11.5 percent, so lower than when TFP is strongly exogenous.
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continue to use the unemployment rate.
First we look at what the results for the volatility of GDP, investment,

consumption and the unemployment rate changes would be when TFP is
taken to be endogenous. The MAC found in their way explains 57% of
the unemployment rate. It then accounts for 19.6% of the volatility of gdp
growth, 18.2% for investment, 11.0% for consumption and 20.0% for unem-
ployment. The effect on TFP is small.

When TFP is strongly exogenous the MAC found as above now accounts
for 42% of the unemployment rate volatility while its impact on the volatility
of the changes in GDP, investment, consumption and the unemployment rate
volatility are 12%, 11%, 20% and 22% respectively. In contrast, the impact of
the TFP shock on these is 16%, 12%, 16% and 15% respectively. So the TFP
shock is at least as important as the MAC when accounting for the activity
cycle. It is notable that in the case of investment and the unemployment rate
changes there are shocks that are more important than either the MAC or
TFP (accounting for 33% and 30%). Moreover these are not the same shock.

The message seems to be that there are a variety of shocks accounting
for the behavior of the different activity cycles in GDP, consumption etc.
and this contrasts sharply with what was found for ACD’s oscillatory cycles.
So the activity cycle depends on a number of shocks. The MAC is no more
important than TFP shocks so calling it a "main" shock may be a poor
description. Choosing a different target variable to find a new MAC does
not change the contribution of TFP shocks to the volatility of variables when
TFP is exogenous. All it does is to split up the "remainder" and "remaining"
shocks in a different way. TFP shocks are clearly important and so building
models that deprecate their role does not seem to be helpful.

5.3 A Different Dissection of Both Cycles using the

Data

In the sub-sections above we assumed that yt followed a VAR(2) and then
recovered the contribution of TFP and the Main shocks by simulating that.
If the model is not a VAR process then of course we would not get correct
estimates of the shock contributions by using it as the Data Generating
Process. So in this section we look at what the data would say without using
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a VAR structure. From (1), but for any variable,

yt = y
(1)
t + ut

ut =
n�

j=2

y
(j)
t ,

where y
(1)
t are combinations of the TFP shocks and y

(1)
t is uncorrelated with

ut. To move to oscillations we have

y∗t = W (L)yt

= W (L)(y(1)t + ut)

= W (L)y
(1)
t +W (L)ut

= W (L)(
h�

j=0

ψjε1t−j) + vt,

where we assume that yt is a linear process in the shocks but don’t specify
it as that for a VAR.

Now we can regress y∗t against a linear combination of TFP shocks and
work out the contribution of those shocks to the volatility of y∗t . That is the
R2 from the regression. There is serial correlation in vt but the regressors are
uncorrelated with it. It is noticeable though that there are both forward and
backward lags of ε1t in the regression. The forward lags come from the W (L)
filter and the backward ones from the number of impulse responses needed
to capture y

(1)
t . ACD set h = 40 in their impulse response calculations so we

use this as a maximum.
Earlier we noted that W (L) was constructed from the frequency infor-

mation and M. There we quoted the recommendation that M should be at
least 8, so we will take that as the value. We therefore fit a regression of
y∗t against {ε1t+j}

8
j=1 and {ε1t−k}

h+8
k=0. The TFP shock ε1t can be found by

either fitting a univariate model for TFP or a VAR equation, depending on
whether these are treated as strongly or weakly exogenous. If we use AIC to
choose the maximum lag length we find that the value of h is 20 for weakly
exogenous shocks and 25 for strongly exogenous. For the first the share of
TFP shocks for the volatility of oscillatory GDP is 26% and for the second
19.5%.6 So it seems as if what we saw earlier for the contribution of TFP

6If we use a Schwartz criterion then the lags are longer and the % contribution of TFP
shocks higher. So we are adopting a conservative position in using AIC.
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shocks to the oscillatory cycle is higher but in the same ball park.
We can do the same exercise for ∆yt but we now only need to select a

value for h. The AIC choice of h is h = 32 in both cases and the fraction of
the variance of GDP growth accounted for by TFP shocks is 23%. So we see
the same pattern of the contribution of TFP shocks to cycles as set our in
the first two sub-sections, although potentially a much higher contribution.
The point is that TFP matters.

6 Conclusion

One of the key questions we raise in this comment has been what body it
is that one needs an anatomy for. The one studied by ACD looks at the
components of economic variables between certain frequencies. The other
follows Burns and Mitchell and the NBER Dating Committee to locate turn-
ing points in activity. The latter depends upon the signs of the growth rates
in activity and so requires one to find what determines the variance of those
over all frequencies. Moreover, the mean of the long-run growth rate relative
to the variance of ∆yt is a key to what the signs of growth will be after any
given shock and hence whether there is a turning point. Oscillations do not
change when the mean of growth rates change. So a decline in TFP growth
will show up in the activity cycle but not the oscillatory cycle.

Therefore, if one wants to ask how important the role of TFP is to cycles
it seems reasonable that one should at least look at what the activity cycle
would say about that. Indeed, when we look at the empirical evidence we
find that the influence of the common shock ACD find in oscillations is far
less significant than in the activity cycle. TFP has the same size impact on
volatility as the "main" shock although it should be said that there are other
shocks driving that cycle which are more important than either of those.
Given the research of the past 50 years it should not be surprising that one
needs a variety of shocks to account for the activity cycle and not a single one.
TFP is important and so are others. Perhaps TFP is more important than
just its role in affecting volatility of growth, since activity cycles depend on
the mean growth and TFP has always had an important role in determining
that.
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