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A. Frequency domain identification

In this Appendix we show how to target multiple elements of the matrix Ψ
(
θ, θ

)
appearing in equation (5). We can write the l, k element as Ψlk

(
θ, θ

)
= ElΨ

(
θ, θ

)
E ′

k

where El is the l-th row of the n-dimensional identity matrix. Using equation
(5), we have1

Ψlk

(
θ, θ

)
= h′

[∫ θ

θ
ℜ
(

D
(
e−iθ

)′
E ′

lEkD
(
eiθ
))

dθ

]
h.

The contribution of the shock h′ηt to the weighted sum ∑m
k=1 ωkΨMkNk

(
θ, θ

)
is given by

h′
[∫ θ

θ
ℜ
(

D
(
e−iθ

)′ m∑
k=1

ωkE ′
Mk

ENk
D
(
e−iθ

))
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h

where ωk are the weights, to be chosen by the researcher. The weighted sum∑m
k=1 ωkE ′

Mk
ENk

= P ′
MΩPN , where

PM =
(
E ′

M1 , E ′
M2 , . . . , E ′

Mm

)′

and
PN =

(
E ′

N1 , E ′
N2 , . . . , E ′

Nm

)′

are m × n matrices, and Ω = diag (ω1, ω2, . . . ωm) is m × m matrix.
Hence the multi-target can be written as

m∑
k=1

ωkΨMkNk

(
θ, θ

)
= h′OMN

(
θ, θ

)
h (11)

where
OMN

(
θ, θ

)
=
∫ θ

θ
ℜ
(

D
(
eiθ
)′

P ′
MΩPND

(
e−iθ

))
dθ. (12)

This is the objective function of our identification problem, in the case of multiple
targets. Of course, this objective function reduces to the single target objective
function in the case m = 1.

An example of multiple-target identification is the cyclical variance of a set of
real economic activity variables: one could jointly maximize the cyclical variance
of GDP growth and unemployment. Assuming that GDP growth and unemploy-
ment are the first two variables in xt, we have m = 2, M1 = N1 = 1 and

1To see this, notice that ElD
(
e−iθ

)
h is a scalar so that it is equal to h′D

(
e−iθ

)′ E ′
l . The

same reasoning applies to h′D
(
eiθ
)′ E ′

k
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M2 = N2 = 2,

P ′
M = P ′

N =



1 0
0 1
0 0
... ...
0 0


, Ω =

ω1 0
0 ω2

 .

In this case, a reasonable choice for the weights is to take the reciprocals of the
cyclical variances of the variables, i.e. ω1 = 1

V11(θ,θ) and ω2 = 1
V22(θ,θ) .

B. DFM estimation and rank reduction

B.1. DFM estimation

First Step. We set a value for the number r of the static factors, using the
criterion by Bai and Ng (2002) with the penalty modification proposed in Alessi
et al. (2010), finding a number of static factors r̂ = 11.2 The static factors Ft =
(F1t . . . Frt)′ are estimated by the first r̂ principal components of the variables in
our dataset. The estimated loading matrix, Λ̂, is the n × r̂ matrix having on the
columns the normalized eigenvectors corresponding to the r̂-largest eigenvalues of
the sample covariance matrix of the data, Σ̂x. The estimated common component
vector is given by χ̂t = Λ̂F̂t.

Second Step. We run a VAR(p) for the estimated factors F̂t to get estimates
Ĉ(L) and ϵ̂t of C(L) and the VAR innovations ϵt. The estimated Moving Average
representation is F̂t = Ĉ(L)−1ϵ̂t. The number of lags p is determined according
to the BIC criterion (p̂BIC = 1). In the robustness section we repeat the analysis
with different lags order. To orthogonalize the shocks we use the Cholesky factor
Ŝ of Σ̂ϵ. Therefore, the Cholesky IRFs of the common components are obtained
according to (4) as

D̂(L) = Λ̂Ĉ(L)−1Ŝ.

From this matrix, we estimate the spectral density of the common components
at the Fourier frequencies θ = 2πs/T , s = 1, . . . , T , and take the real part, so
that the resulting off-diagonal terms are co-spectra rather than cross-spectra.
This is useful when we take an off-diagonal term as a target, since the integral of

2In the robustness section, we take into account the uncertainty in estimating the number
of static factors, and repeat the analysis with different specifications of r̂.
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the co-spectrum of two variables over a given frequency band is the covariance of
the two variables over that band. Finally, we compute V

(
θ, θ

)
by replacing the

integral with the simple average of the real part of the spectral density matrix,
across the frequencies belonging to the relevant interval. Ψ(θ, θ) and OMN

(
θ, θ

)
are estimated in a similar way.

B.2. Rank Reduction

In the standard DFM estimation procedure the identification techniques are ap-
plied to the residuals of the VAR estimated for Ft after estimating q, the number
of common shocks, and the rank reduction. The estimated factors F̂t are not
exactly singular, as they contain a residual of the idiosyncratic components that
disappears completely only asymptotically. As a consequence, the vector ϵ̂t has
rank r > q, although the last r−q eigenvalues of Σ̂ϵ are close to zero (Forni et al.,
2020). In the standard procedure, singularity is forced on ϵ̂t by means of rank-
reduction techniques. In Forni et al. (2009), the rank reduction is obtained by
using the spectral decomposition of Σ̂ϵ, so that the vector ϵ̂t is replaced by the q̂-
dimensional vector V −1ϵ̂t, where V −1 is the matrix whose rows are the normalised
eigenvectors corresponding to the q-largest eigenvalues of the variance-covariance
matrix of ϵ̂t. This is equivalent to assume that the static rank of the common
components is r, which is the rank of its covariance matrix, while the dynamic
rank is q, which is the rank of its spectral density. In empirical situation, the
number q of dynamic factors or common shocks is unknown and has to be de-
termined by existing information criteria. For instance, the criterion proposed
by Hallin and Liška (2007) is based on the properties of dynamic eigenvalues
of the data and looks for the value q that minimizes the contribution of the
idiosyncratic component. Alternative methods are proposed by Onatski (2009),
Amengual and Watson (2007) and Bai and Ng (2007). Recently, Avarucci et al.
(2021) introduce a novel consistent criterion to estimate the number of common
shocks that can be applied to single frequencies as well as to frequency bands.
Such criteria, albeit consistent, often give different results each other.

Forni et al. (2020) shown that the rank reduction step can be ignored with
no consequences on the (IRFs) estimation accuracy. Since different information
criteria often give different results, the estimation of q and the rank reduction
can be a potential source of error, in particular whether q̂ underestimates the
true q, leading to large estimation errors implied by a possible mis-specification
of q. Therefore, we apply the identification techniques to the not exactly singular
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Cholesky-transformed residuals of the estimated VAR without reducing the rank.
Moreover, by reducing the number of shocks of interest in the first stage

of our identification strategy, where we select the two shocks maximizing the
explained variance of targeted variables on the band [0 2π/6], rather than across
all frequencies, we do not need to implement the rank reduction step in our
estimation procedure.

C. Data Description and Data Treatment

For the description of each variable see McCracken and Ng (2020). For variables
not in the FRED-QD dataset, refer to the Mnemonic and note. Treatment
codes: 1 = no treatment; 2 = first difference, ∆xt; 4 = log(xt); 5 = log of the
first difference, ∆ log(xt).

ID
FRED-QD

Mnemonic
Treatment

Note
ID code

1 1 GDPC1/CNP16OV 5
2 2 PCECC96/CNP16OV 5
3 3 PCDGx/CNP16OV 5
4 4 PCESVx/CNP16OV 5
5 5 PCNDx/CNP16OV 5
6 6 GPDIC1/CNP16OV 5
7 7 FPIx/CNP16OV 5
8 8 Y033RC1Q027SBEAx/CNP16OV 5
9 9 PNFIx/CNP16OV 5

10 10 PRFIx/CNP16OV 5
11 11 A014RE1Q156NBEA 1
12 12 GCEC1/CNP16OV 5
13 13 A823RL1Q225SBEA 1
14 14 FGRECPTx/CNP16OV 5
15 15 SLCEx/CNP16OV 5
16 16 EXPGSC1/CNP16OV 5
17 17 IMPGSC1/CNP16OV 5
18 18 DPIC96/CNP16OV 5
19 19 OUTNFB/CNP16OV 5
20 20 OUTBS/CNP16OV 5
21 (PCESVx+PCNDx)/CNP16OV 5
22 (PCDGx+FPIx)/CNP16OV 5
23 22 INDPRO/CNP16OV 5
24 23 IPFINAL/CNP16OV 5
25 24 IPCONGD/CNP16OV 5
26 25 IPMAT/CNP16OV 5
27 28 IPDCONGD/CNP16OV 5
28 30 IPNCONGD/CNP16OV 5
29 31 IPBUSEQ/CNP16OV 5
30 35 PAYEMS/CNP16OV 2
31 36 USPRIV/CNP16OV 2
32 38 SRVPRD/CNP16OV 2
33 39 USGOOD/CNP16OV 2
34 51 USGOVT/CNP16OV 2
35 57 CE16OV/CNP16OV (EMRATIO) 2
36 58 CIVPART 2
37 59 UNRATE 1
38 60 UNRATESTx 1
39 61 UNRATELTx 1
40 62 LNS14000012 1
41 63 LNS14000025 1
42 64 LNS14000026 1

Continued on next page
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Continued from previous page

ID
FRED-QD

Mnemonic
Treatment

Note
ID code

43 74 HOABS/CNP16OV 4
44 76 HOANBS/CNP16OV 4
45 77 AWHMAN 1
46 79 AWOTMAN 1
47 81 HOUST/CNP160V 5
48 95 PCECTPI 5
49 96 PCEPILFE 5
50 GDPDEF 5 GDP: Implicit Price Deflator
51 97 GDPCTPI 5
52 98 GPDICTPI 5
53 120 CPIAUCSL 5
54 121 CPILFESL 5
55 122 WPSFD49207 5
56 123 PPIACO 5
57 124 WPSFD49502 5
58 126 PPIIDC 5
59 129 WPU0561 5
60 130 OILPRICEx 5
61 135 COMPRNFB 5
62 138 OPHNFB 5
63 139 OPHPBS 5
64 140 ULCBS 5
65 142 ULCNFB 5
66 143 UNLPNBS 5
67 dtfp 1 Fernald’s TFP growth
68 dtfp util 1 Fernald’s TFP growth CU adjusted
69 dtfp I 1 Fernald’s TFP growth - Inv
70 dtfp C 1 Fernald’s TFP growth - Con
71 dtfp I util 1 Fernald’s TFP growth CU - Inv
72 dtfp C util 1 Fernald’s TFP growth CU - Con
73 144 FEDFUNDS 1
74 145 TB3MS 1
75 146 TB6MS 1
76 147 GS1 1
77 148 GS10 1
78 150 AAA 1
79 151 BAA 1
80 152 BAA10YM 1
81 156 GS10TB3Mx 1
82 BAA-AAA 1
83 GS10-FEDFUNDS 1
84 GS1-FEDFUNDS 1
85 BAA-FEDFUNDS 1
86 158 BOGMBASEREALx/CNP16OV 5
87 160 M1REAL/CNP16OV 5
88 161 M2REAL/CNP16OV 5
89 163 BUSLOANSx/CNP16OV 5
90 164 CONSUMERx/CNP16OV 5
91 166 REALLNx/CNP16OV 5
92 168 TOTALSLx/CNP16OV 5
93 188 UMCSENTx 1
94 Business Condition 12 Months 1 Michigan Consumer Survey
95 Business Condition 5 Years 1 Michigan Consumer Survey
96 Current Index 1 Michigan Consumer Survey
97 Expected Index 1 Michigan Consumer Survey
98 News Index: Relative 1 Michigan Consumer Survey
99 197 UEMPMEAN 1

100 201 GS5 1
101 210 CUSR0000SAC 5
102 211 CUSR0000SAD 5
103 212 CUSR0000SAS 5
104 213 CPIULFSL 5
105 245 S&P 500 5
106 246 S&P: indust 5
107 S&P 500/GDPDEF 5
108 S&P: indust/GDPDEF 5
109 JLN Macro Unc 1-month 1 Jurado Ludvigson and Ng Uncertainty
110 JLN Macro Unc 3-month 1 JLN Uncertainty
111 JLN Macro Unc 12-month 1 JLN Uncertainty

Continued on next page

5



Continued from previous page

ID
FRED-QD

Mnemonic
Treatment

Note
ID code

112 DPCCRC1Q027SBEAx/CNP16OV 5 Real PCE Excluding food and energy
113 DFXARC1M027SBEAx/CNP16OV 5 Real PCE: Food
114 DNRGRC1Q027SBEAx/CNP16OV 5 Real PCE: Energy goods

D. ACD under the microscope: inflation and the long-
run

In this Appendix we study whether our data support a representation in which
a shock presents the distinctive feature of ACD’s MBC shock: the contempor-
aneous disconnection from both inflation and long-run real economic activity. Is
there an orthogonalization of our two shocks such that both disconnections hold?

Let us start from the results of Identification II. Clearly, the temporary shock
is, by construction, disconnected from the long-run real economic activity. Yet
it is far from being disconnected from the inflation (see Table ??) in the main
text. So, imposing the long-run disconnection yields a shock with no inflation
disconnection. What about the other way around? We now search for a linear
combination of our two shocks with minimum contribution to the cyclical fluc-
tuations of the inflation. The result of this exercise is also at odds with ACD:
the shock we found is not disconnected from the long-run economic activity as
it explains 57% of the long-run GDP growth variance (see Table D.1, Panel
A). Hence, imposing the inflation disconnection yields a shock with no long-run
disconnection.

6



Variables A: no-infl shock B: GDP targeting shock

Cyclical v. Long-Run v. Cyclical v. Long-Run v.

GDP 56.1 57.0 59.5 34.4
Consumption 60.9 62.4 54.1 43.0
Investment 52.2 34.3 59.1 17.3
Unemployment Rate 46.4 27.0 51.0 12.7
Hours Worked 51.2 54.0 49.6 38.4
Inflation 8.0 6.0 13.6 23.6
Labor Productivity 26.9 20.8 27.0 6.9
TFP 11.6 31.2 7.9 13.9
FFR 17.0 28.0 33.3 52.3
Baa-GS10 56.8 83.2 73.0 77.0
S&P500 51.7 15.1 45.9 7.0
JLN uncertainty 3M 59.5 6.3 59.2 7.3
BC5Y 63.7 19.4 47.6 4.5

Table D.1: Percentage of cyclical and long-run variance explained by the
shock disconnected from inflation (Panel A), and by the GDP targeting shock
(Panel B) for a few selected variables, by frequency band. Business cycle
frequency band: [2π/32 ≤ ω ≤ 2π/6] corresponding to cycles with periodicity
between 18 months and 8 years. Long run frequency band: [0 ≤ ω ≤ 2π/80],
corresponding to periodicity greater than 20 years, with quarterly data.

Finally, let us see what happens if we apply to our two shocks the same iden-
tification imposed in ACD, that is, maximizing the cyclical variance of a single
real economic activity variable (here we use GDP growth). This identification
yields a shock which is partially disconnected from the inflation but again not
disconnected from the long-run — it explains 13.6% of the cyclical variance of
inflation and 34.4% of GDP growth’s long-run variance (see Table D.1, Panel B).

Figure D.1 explores all possible linear combinations of our two shocks: given
all rotation angles, we show that a shock explaining less than 20% of both cyclical
inflation and long-run GDP cannot be obtained.
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Figure D.1: Percentage of variances explained by all linear combina-
tion of the two shocks g′

1ηt, g′
1ηt described in the First Step of Section

??. Any generic linear combination is obtained as R (θ) (g′
1ηt g′

2ηt)′, where

R (θ) ≡
(

cos (θ) −sin (θ)
sin (θ) cos (θ)

)
is a two dimensional rotation matrix. The

angle 0 ≤ θ ≤ π is in abscissa.

Orthogonality
Principal Components 1 lags 2 lags 3 lags 4 lags

r=6 0.00 0.00 0.00 0.03
r=7 0.01 0.00 0.00 0.00
r=8 0.01 0.00 0.00 0.01
r=9 0.01 0.00 0.00 0.01
r=10 0.02 0.01 0.00 0.04
r=11 0.02 0.02 0.01 0.08

Table D.2: p-values of the orthogonality F -test (Forni and Gambetti,
2014), one to four lags, for the MBC shock, estimated with ACD’s VAR
specification. r is the number of principal components used in the test.
Source: Granese (2024).

Why our result are different from ACD? A possible explanation is the follow-
ing. It is well-known that, while large dimensional factor models are generally
unaffected by non-invertibility issues, VAR systems could be informationally de-
ficient. Granese (2024) investigates whether the 10-variable VAR considered by
ACD contains enough information to recover the MBC shock obtained by tar-
geting the unemployment rate. To do so, the author uses the invertibility test
of Forni and Gambetti (2014), which tests for the orthogonality of the estimated
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shock with respect to the past of the principal components of a large macroe-
conomic dataset (the author uses the same data set used here). He finds that
informational sufficiency is rejected, since the MBC shock is predicted by the
lags of the principal components. The p-values are reported in Table D.2.

E. Additional Results and Robustness

Tables

Frequencies DDR DGR DER

0 ≤ ω ≤ 2π/6 2 2 1
0 ≤ ω ≤ 2π/8 2 2 1
0 ≤ ω ≤ π 2 1 1

Table E.1: Number of estimated dynamic factors by DDR, DGR and
DER evaluated at selected frequencies or frequency bands. The size of
the spectral window - bandwidth parameter - is MT = ⌊a

√
T ⌋ with a = 0.5.

DDR: Dynamic Difference Ratio Estimator; DGR: Dynamic Growth Ratio
Estimator; DER: Dynamic Eigenvalue Ratio Estimator.
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Variables
P=1 P=2 P=3 P=4

Percentage of Explained Cyclical Variance
Perm Trans Perm Trans Perm Trans Perm Trans

GDP 29.6 46.6 29.6 46.6 28.8 47.7 27.1 54.5
Consumption 43.9 25.9 50.4 16.5 52.7 18.1 51.3 21.0
Investment 25.5 53.4 27.1 51.4 30.0 50.3 30.2 53.2
Unemployment 30.1 48.4 31.8 51.4 36.4 45.1 36.4 45.5
Hours Worked 29.2 29.0 27.7 35.6 29.6 31.0 31.7 29.6
Inflation 37.2 48.8 44.0 43.4 52.1 28.9 43.6 35.7
Labor Productivity 23.0 23.9 26.1 29.5 22.0 38.5 17.4 39.2
TFP 20.7 6.7 19.1 10.0 17.3 13.3 16.3 7.3
FFR 10.9 64.5 15.0 62.2 23.1 44.9 17.9 51.2
Baa-GS10 12.9 74.8 16.2 70.7 21.6 60.6 20.0 59.3
S&P500 36.2 20.9 37.2 16.2 29.5 30.1 35.4 24.9
JLN Uncertainty 3M 39.8 43.1 43.7 40.2 44.0 41.2 45.0 40.9
BC5Y 71.2 17.9 72.5 16.8 70.6 18.1 71.0 19.5

Percentage of Explained Long Run Variance
Perm Trans Perm Trans Perm Trans Perm Trans

GDP 79.3 1.7 72.9 2.0 73.0 0.7 76.5 1.4
Consumption 69.7 5.9 57.6 6.1 59.2 1.5 59.4 2.4
Investment 67.2 5.1 73.3 2.2 76.9 1.5 79.6 1.3
Unemployment 68.7 13.2 80.1 7.1 83.9 5.3 83.9 6.7
Hours Worked 57.3 6.3 58.8 12.9 68.0 8.4 71.3 6.7
Inflation 15.5 69.9 24.2 45.8 22.0 25.0 22.3 27.2
Labor Productivity 58.3 5.1 64.1 1.5 76.4 0.2 78.9 0.1
TFP 64.5 1.6 60.2 0.7 67.4 0.9 68.3 1.1
FFR 0.9 85.0 5.6 73.3 5.9 45.8 5.6 52.2
Baa-GS10 49.2 36.9 31.6 27.3 31.2 11.3 31.5 7.7
S&P500 30.2 0.7 36.9 0.8 43.6 0.2 46.2 1.6
JLN Uncertainty 3M 49.2 42.5 59.8 32.4 62.5 23.8 61.0 29.0
BC5Y 71.5 11.9 81.6 4.9 85.7 3.8 86.8 5.4

Table E.2: Identification II: Percentage of variance explained by the
permanent shock and the transitory shock for a few selected variables,
by frequency band, according to different lags order: p = [1 2 3 4].
Baseline specification: p = 1. Business cycle frequency band: [2π/32 ≤
ω ≤ 2π/6] corresponding to cycles with periodicity between 18 months
and 8 years. Long run frequency band: [0 ≤ ω ≤ 2π/80], corresponding to
periodicity greater than 20 years, with quarterly data.
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Variables
R=11 R=13 R=15 R=17 R=20

Percentage of Explained Cyclical Variance
Perm Trans Perm Trans Perm Trans Perm Trans Perm Trans

GDP 29.6 46.6 24.0 50.1 25.7 47.1 18.7 50.4 19.0 49.9
Consumption 43.9 25.9 33.3 25.4 33.3 23.1 27.1 27.6 28.3 25.8
Investment 25.5 53.4 25.5 53.0 26.8 51.6 22.4 54.9 21.9 53.4
Unemployment 30.1 48.4 30.7 46.5 31.3 44.1 26.9 52.3 27.3 50.8
Hours Worked 29.2 29.0 23.3 28.8 26.2 25.6 20.5 27.5 21.9 28.8
Inflation 37.2 48.8 36.9 38.6 34.4 35.5 36.7 37.5 34.5 38.8
Labor 23.0 23.9 18.3 28.8 20.4 27.1 17.3 31.9 18.8 32.8
TFP 20.7 6.7 13.6 6.6 15.4 6.8 19.9 4.5 17.3 4.4
FFR 10.9 64.5 18.3 58.9 18.1 58.6 11.6 51.8 10.7 52.0
Baa-GS10 12.9 74.8 14.4 70.7 14.2 66.3 13.7 48.2 13.7 48.2
S&P500 36.2 20.9 31.1 26.8 31.9 26.7 23.3 34.3 21.8 31.9
JLN Uncertainty 39.8 43.1 46.7 33.8 45.8 34.6 44.3 32.5 44.2 32.4
BC5Y 71.2 17.9 56.1 18.1 50.1 13.1 47.7 12.1 46.8 10.2

Percentage of Explained Long Run Variance
Perm Trans Perm Trans Perm Trans Perm Trans Perm Trans

GDP 79.3 1.7 78.7 2.1 78.8 2.1 70.3 2.5 73.2 2.4
Consumption 69.7 5.9 65.6 4.8 64.9 4.4 59.9 5.6 62.0 5.2
Investment 67.2 5.1 68.3 2.5 68.0 3.0 64.6 1.7 64.8 1.4
Unemployment 68.7 13.2 74.8 11.0 70.2 11.4 71.4 12.6 70.9 13.2
Hours Worked 57.3 6.3 58.4 7.0 55.5 6.4 60.1 6.0 59.9 4.8
Inflation 15.5 69.9 15.1 55.3 14.0 54.9 13.4 53.1 12.3 54.4
Labor 58.3 5.1 59.4 4.0 59.8 4.2 68.1 2.3 68.0 2.5
TFP 64.5 1.6 64.4 1.2 64.3 1.2 70.1 0.6 68.7 0.8
FFR 0.9 85.0 2.1 74.5 1.8 74.8 1.3 72.3 1.0 71.8
Baa-GS10 49.2 36.9 46.5 25.4 44.4 26.9 33.9 18.5 35.3 17.9
S&P500 30.2 0.7 31.0 0.6 30.2 0.7 23.4 0.4 23.1 0.3
JLN Uncertainty 49.2 42.5 57.9 32.8 53.8 33.1 47.1 36.5 47.1 37.2
BC5Y 71.5 11.9 77.5 9.4 75.4 9.2 76.8 8.5 74.2 9.1

Table E.3: Identification II: Percentage of variance explained by the
Transitory shock and the Permannent shock for a few selected vari-
ables, by frequency band, according to the number of static factors:
r = [11 13 15 17 20]. Baseline specification: r = 11 static factors. Business
cycle frequency band: [2π/32 ≤ ω ≤ 2π/6] corresponding to cycles with
periodicity between 18 months and 8 years. Long run frequency band:
[0 ≤ ω ≤ 2π/80], corresponding to periodicity greater than 20 years, with
quarterly data.
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(a) Identification II: Maximum and Minimum percentage value of ex-
plained variance according to different lags order: p = [ 1 2 3 4 ].
Baseline specification: p = 1 lag.

Variables
Cyclical Variance Long Run Variance

Perm Trans Perm Trans
Min Max Min Max Min Max Min Max

GDP 27.1 29.6 46.6 54.4 72.9 79.3 0.7 2.0
Consumption 43.9 52.7 16.5 25.9 57.6 69.7 1.5 6.1
Investment 25.5 30.2 50.3 53.4 67.2 79.6 1.3 5.1
Unemployment 30.1 36.4 45.1 51.4 68.7 83.9 5.3 13.2
Hours Worked 27.7 31.7 29.0 35.6 57.3 71.3 6.3 12.9
Inflation 37.2 52.1 28.9 48.8 15.5 24.2 25.0 69.9
Labor Productivity 17.4 26.1 23.9 39.2 58.3 78.9 0.1 5.1
TFP 16.3 20.7 6.7 13.3 60.2 68.3 0.7 1.6
FFR 10.9 23.1 44.9 64.5 0.9 5.9 45.8 85.0
Baa-GS10 12.9 21.6 59.3 74.8 31.2 49.2 7.7 36.9
S&P500 29.5 37.2 16.2 30.1 30.2 46.2 0.2 1.6
JLN Uncertainty 3M 39.8 45.0 40.2 43.1 49.2 62.5 23.8 42.5
BC5Y 70.6 72.5 16.8 19.5 71.5 86.8 3.8 11.9

(b) Identification II: Maximum and minimum value of explained variance
according to the number of static factors: r = [ 11 13 15 17 20 ]. Baseline
specification: r = 11 static factors.

Variables
Cyclical Variance Long Run Variance

Perm Trans Perm Trans
Min Max Min Max Min Max Min Max

GDP 18.7 29.6 46.6 50.4 70.3 79.3 1.7 2.5
Consumption 27.1 43.9 23.1 27.6 59.9 69.7 4.4 5.9
Investment 21.9 26.8 51.6 54.9 64.6 68.3 1.4 5.1
Unemployment 26.9 31.3 44.1 52.3 68.7 74.8 11.0 13.2
Hours Worked 20.5 29.2 25.6 29.0 55.5 60.1 4.8 7.0
Inflation 34.4 36.9 35.5 48.8 12.3 15.5 53.1 69.9
Labor Productivity 17.3 23.0 23.9 32.8 58.3 68.1 2.3 5.1
TFP 13.6 20.7 4.4 6.8 64.3 70.1 0.6 1.6
FFR 10.7 18.3 51.8 64.5 0.9 2.1 71.8 85.0
Baa-GS10 12.9 14.4 48.2 74.8 33.9 49.2 17.9 36.9
S&P500 21.8 36.2 20.9 34.3 23.1 31.0 0.3 0.7
JLN Uncertainty 3M 39.8 46.7 32.4 43.1 47.1 57.9 42.5 32.8
BC5Y 46.8 71.2 10.2 18.1 71.5 77.5 8.5 11.9

Table E.4: Percentage of variance explained by the permanet shock and
the transitory shock (Identification II) for a few selected variables,
by frequency band. Business cycle frequency band: [2π/32 ≤ ω ≤ 2π/6]
corresponding to cycles with periodicity between 18 months and 8 years.
Long run frequency band: [0 ≤ ω ≤ 2π/80], corresponding to periodicity
greater than 20 years, with quarterly data.
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Figures

Figure E.1: Identification I: Point estimates of the Impulse Response
Functions of the Supply Shock. The dark gray and light gray areas are
the 68% and 90% confidence bands, respectively.
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Figure E.2: Identification I: Point estimates of the Impulse Response
Functions of the Demand Shock. The dark gray and light gray areas
are the 68% and 90% confidence bands, respectively.
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Figure E.3: Identification II: Spectral Decomposition for a few selected
variables, frequency by frequency. The figure reports the percentage
of explained variance. Blue line: Contribution of the permanent shock;
Red line: Contribution of the transitory shock; Yellow line: sum. Pink
shadowed area: Long run frequencies (>80 quarters); Lilac shadowed
area: Business Cycle frequencies (6-32 quarters).
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Figure E.4: Identification II: Point estimates of the Impulse Response
Functions of the Permanent Shock. The dark gray and light gray areas
are the 68% and 90% confidence bands, respectively.
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Figure E.5: Identification II: Point estimates of the Impulse Response
Functions of the Transitory Shock. The dark gray and light gray areas
are the 68% and 90% confidence bands, respectively.
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Figure E.6: Identification I: Impulse response functions of the Supply shock,
according to different lag orders: p = [1 2 3 4]. Baseline specification: p = 1.
The dark gray and light gray areas are the 68% and 90% confidence bands,
respectively. Black line and confidence bands: baseline specification.
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Figure E.7: Identification I: Impulse response functions of the Demand shock,
according to different lag orders: p = [1 2 3 4]. Baseline specification: p = 1.
The dark gray and light gray areas are the 68% and 90% confidence bands,
respectively. Black line and confidence bands: baseline specification.
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Figure E.8: Identification I: Impulse response functions of the Supply
shock, according to different number of static factors: r = [11 6 9 13 15].
Baseline specification: r = 11. The dark gray and light gray areas are
the 68% and 90% confidence bands, respectively. Black line and confid-
ence bands: baseline specification.

20



Figure E.9: Identification I: Impulse response functions of the Demand
shock, according to different number of static factors: r = [11 6 9 13 15].
Baseline specification: r = 11. The dark gray and light gray areas are
the 68% and 90% confidence bands, respectively. Black line and confid-
ence bands: baseline specification.
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Figure E.10: Identification I: Impulse response functions of the Supply
shock, according to different subsamples. Baseline specification: 1961:I
- 2019:IV. The dark gray and light gray areas are the 68% and 90% con-
fidence bands, respectively. Black line and confidence bands: baseline
specification. Blue line: 1989:I - 2019:IV. Green line: 1961:I - 2007:IV.
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Figure E.11: Identification I: Impulse response functions of the Demand
shock, according to different subsamples. Baseline specification: 1961:I
- 2019:IV. The dark gray and light gray areas are the 68% and 90% con-
fidence bands, respectively. Black line and confidence bands: baseline
specification. Blue line: 1989:I - 2019:IV. Green line: 1961:I - 2007:IV.
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Figure E.12: Identification II: Impulse response functions of the Per-
manent shock, according to different lags order: p = [1 2 3 4]. Baseline
specification: p = 1. The dark gray and light gray areas are the 68% and
90% confidence bands, respectively. Black line and confidence bands:
baseline specification.
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Figure E.13: Identification II: Impulse response functions of the Trans-
itory shock, according to different lags order: p = [1 2 3 4]. Baseline
specification: p = 1. The dark gray and light gray areas are the 68% and
90% confidence bands, respectively. Black line and confidence bands:
baseline specification.
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Figure E.14: Identification II: Impulse response functions of the Per-
manent shock, according to different number of static factors: r =
[11 6 9 13 15]. Baseline specification: r = 11. The dark gray and light
gray areas are the 68% and 90% confidence bands, respectively. Black
line and confidence bands: baseline specification.
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Figure E.15: Identification II: Impulse response functions of the Trans-
itory shock, according to different number of static factors: r =
[11 6 9 13 15]. Baseline specification: r = 11. The dark gray and light
gray areas are the 68% and 90% confidence bands, respectively. Black
line and confidence bands: baseline specification.
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