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1. INTRODUCTION

This is a companion paper to Han and Kim (2019, HK hereafter), which
proposes a test for a block of zeros in a common factor matrix. The test in HK
has a unique feature that its null hypothesis supposes the existence of a block of
zeros. Testing for such a block of zeros is non-standard because the factor matrix
is identified only up to a rotation matrix, which means that a zero block will not
appear in the estimate of factors even if it exists and because the size of a zero
block grows with the sample size so that the number of restrictions under the null
is also increasing. The test proposed by HK is based on a principal component
(PC) estimate of common factors, is asymptotically χ2 under the null, and is
consistent under the alternative.

While zero blocks in a factor matrix can be used to express models with a
changing number of factors or with a structural break in factor loadings, zero
blocks in a loading matrix also appear in various economic applications includ-
ing those on regional factors, regionally separable factors, and multi-level fac-
tors. Studies that deal with models with a block of zeros in the loading matrix
include Choi et al. (2018), Dias et al. (2013), and Hallin and Liska (2011) among
others.

The principle exploited in HK is readily applicable to zero blocks in a load-
ing matrix. This paper shows in detail how to implement the test of a zero block
in a loading matrix and offers an empirical application. Although the test is de-
vised on a simple principle, its implementation is complicated by the necessity
to estimate various limiting quantities. In the econometrics literature, factors are
usually assumed to be stochastic processes while loadings are viewed as de-
terministic sequences. Because of this disparity, the test for a loading matrix
requires a treatment separate from the test for a common factor matrix.

Consider the standard factor model in the matrix form X = FΛ′+ e, where
X is a T ×N matrix of observations, F is a T × r factor matrix, Λ′ is an r×N
factor-loading matrix, and e is a T ×N matrix of idiosyncratic errors. We are in-
terested in the restriction that a column subset Λ′2 of Λ′ contains zero rows after
some rotation. Let the corresponding columns of X and e be denoted by X2 and
e2, respectively. Then the identity X2 = FΛ′2 + e2 implies that (F ′F)−1F ′X2 =
Λ′2 +(F ′F)−1F ′e2. If some q rows of Λ′2 are zero after some rotation, then there
exists an r×q matrix P2 such that Λ2P2 = 0 and P′2P2 = Iq. As a result, under the
null hypothesis that Λ′2 has q zero rows, P′2(F

′F)−1F ′X2 equals P′2(F
′F)−1F ′e2,

whose elements are, loosely speaking, “of order Op(T−1/2)” given the stan-
dard regularity that T−1F ′F is asymptotically nonsingular and the elements of
T−1/2F ′e2 follow some limit law. On the other hand, if the null is not true, then
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for any r×q matrix P2, the P′2(F
′F)−1F ′X2 term is dominated by the P′2Λ′2 term,

whose elements are “Op(1)”. This distinguishing characteristic can be utilized,
like in HK, in testing for reduced-rank of Λ′2.

The description so far delivers only a brief motivation of our methodology
without delving into technical rigor and details, which will be given fully in later
sections. Monte Carlo simulation is performed to assess the adequateness of the
asymptotic results in finite samples. The simulation study shows that the pro-
posed test controls actual size around the nominal one in most cases considered
while the power is increasing in sample sizes.

As an empirical example, the proposed test is applied to a panel of 132
monthly macro variables in the U.S., which is the dataset used in Stock and
Watson (2002) and Ludvigson et al. (2009). The variables in the panel are clas-
sified into three groups: real variables, financial variables and inflation variables.
The focus of the analysis is on the factor loadings to discover a possible multi-
level structure in the panel. The results imply that among the eight factors, there
is one financial factor, one inflation factor, three factors connecting real and in-
flation variables, two factors connecting real and financial variables, and one
connecting financial and inflation variables.

The rest of the paper is organized as follows. Section 2 explains the model
and the test statistic. Section 3 presents the asymptotic results. Section 4 offers
Monte Carlo simulation results. Section 5 contains an application. Section 6 con-
cludes.

2. MODEL AND TEST STATISTICS

Consider a common factor model given by

xit = f ′t λi + eit ,

where xit is the observed value for individual i at time t, ft is an r×1 vector of
latent common factors, λi an r× 1 vector of latent factor loadings, and eit is an
idiosyncratic error. The number of factors, r, is consistently estimable and thus
is assumed to be known. For example, see Bai and Ng (2002) among others.

Collecting observations for each individual i in vector form, the model is
written as

xi = Fλi + ei,

where xi = (xi1, . . . ,xiT )
′, F = ( f1, . . . , fT )

′, and ei = (ei1, . . . ,eiT )
′. Concatenat-

ing individuals horizontally yields the entire system as,

X = FΛ
′+ e,
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where X = (x1, . . . ,xN) is a T ×N matrix of all observed data, Λ′ = (λ1, . . . ,λN)
is an r×N matrix of loadings, and e = (e1, . . . ,eN) is a T ×N matrix of idiosyn-
cratic errors.

Some examples of blocks of zeros in Λ′ are as follows:

Example 1. Regional factors:

FΛ
′ = (F1,F2)

(
Λ′11 Λ′12

0q×Nb Λ′22

)
.

The first Nb individuals, say individuals in region 1 (or sector 1), are not affected
by the second set of common factors F2. Hence, the common factors in F2 are
region specific (or sector specific) affecting only the rest N−Nb individuals in
region 2.

Example 2. Regionally separable factors:

FΛ
′ = (F1Λ

′
1,F2Λ

′
2) = (F1,F2)

(
Λ′1 0(r−q)×(N−Nb)

0q×Nb Λ′2

)
.

The first set of common factors F1 affects individuals in region 1 while the second
set F2 does those in region 2. Splitting the panel for each region yields the usual
common factor models.

Example 3. Multi-level factors:

FΛ
′ = (F1,F2,F3)

Λ′11 Λ′12

Λ′21 0
0 Λ′32

 .

The first set of common factors F1 affects all individuals while F2 and F3 are
region specific. Hence the model contains common factors of two-level structure,
where F1 represents global factors and F2 and F3 regional factors.

Note that the position of zero blocks should be specified to implement the
block zero restrictions test. This means that the segment information should be
known for blocks in Λ′. This is not of great concern because there are usually
sub-groups of time series in the panel data and multi-level structures in Λ′ of
economic interest usually conform to such divisions.

Now, consider testing for block-zero restrictions in Λ′. For a given p < r, we
specify the null and alternative hypotheses as

H0 : rank(Λ2)≤ p,
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H1 : rank(Λ2)> p,

where Λ2 = (λN1 , . . . ,λN2)
′. Again, note that both N1 and N2 are assumed to be

known a priori.
As discussed in the introduction, our test exploits the fact that the sum of the

elements in P′2(F
′F)−1F ′X2 is of smaller order of magnitude under the null than

under the alternative. Since factors and loadings are latent, we consider their PC
estimates.

Consider the sample counterpart of P′2(F
′F)−1F ′X2. Let Ṽ be the r× r di-

agonal matrix of the r largest eigenvalues of 1
NT X ′X , Λ̂ be the N× r matrix of

the associated eigenvectors with the normalization such that N−1Λ̂′Λ̂ = Ir, and
F̂ = 1

N XΛ̂. With defining Σ̂Λ2 := 1
Ns

Λ̂′2Λ̂2 where Λ̂2 = (λ̂N1 , . . . , λ̂N2)
′, let [P̂1, P̂2]

be the matrix of the orthonormal eigenvectors of Σ̂Λ2 corresponding to the eigen-
values sorted in descending order with P̂1 being r× p and P̂2 being r× q. Let
K̂1 and K̂2 be the p× p and q× q diagonal matrices of the eigenvalues of Σ̂Λ2

ordered in accordance to [P̂1, P̂2].
With this definition of F̂ , P̂′2(F̂

′F̂)−1F̂ ′X2 = P̂′2Λ̃′2. Following the strategy in
HK, we consider the row sum of P̂′2Λ̃′2. Thus, we define γ̂ := ( T

Ns
)1/2

∑
N2
i=N1

P̂′2λ̂i.
Then the test statistic is given by

T S2 = γ̂
′
0Ξ̂
−1

γ̂0

where γ̂0 corrects the bias in γ̂ and Ξ̂ is a consistent estimator of the asymptotic
covariance matrix of γ̂0. The exact formulae of γ̂0 and Ξ̂ are given below. (See
Eq. (1).)

3. ASYMPTOTIC RESULTS

We use the following regularity assumptions.

Assumption 1. (i) E ‖ ft‖4 ≤ M < ∞ and plimT→∞
1
T ∑

T
t=1 ft f ′t = ΣF for some

positive definite matrix ΣF ;
(ii) ‖λi‖ ≤ λ̄ < ∞ and limN→∞

1
N Λ′Λ = ΣΛ for some positive definite matrix ΣΛ;

(iii) E(eit) = 0, E |eit |8≤M, E(eite js) = 0 for all t, s and i 6= j, 1
T ∑

T
s=1 ∑

T
t=1 |γN(s,

t)| ≤M where γN(s, t) = 1
N ∑

N
i=1 E(eiseit), E| 1√

N ∑
N
i=1[eiseit−E(eiseit)]|4 ≤M for

every (t,s);
(iv) E( fteit) = 0 for all i;
(v) The eigenvalues of ΣFΣΛ are distinct.
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The same set of assumptions is employed in HK, which is strong enough to
imply those in Bai (2003) and Bai and Ng (2002). The strengthening is mainly
necessary for various limit quantities of our model to be estimable.

Since Λ is not exactly identified, we use ΣΛ2 =
1
Ts

H ′Λ′2Λ2H where H =

( 1
T F ′F̂)Ṽ−1. Then, define the orthonormal eigenvectors [P1,P2] and the corre-

sponding eigenvalue matrices [K1,K2] of ΣΛ2 . Also let e2 be the T ×Ns matrix
of the Nth

1 to Nth
2 columns of e, and let 12 be the Ns × 1 vector of ones. Let

P̃j = PjP′jP̂j for j = 1,2. Recall γ̂ =
√

T
Ns

∑
N2
i=N1

P̂′2λ̂i.

Assumption 2. (i) plim 1
Ns

∑
N2
i=N1

λi = µλ ;
(ii) lim 1√

Ns
∑

N2
i=N1

(λi−µλ )(λi−µλ )
′ = Σλ where rank(Σλ ) = rank(Λ2);

(iii) Let υit =(eit ,eitλ
′
i )
′. Then, limVar

(
1√
Ns

∑
N2
i=N1

υit

)
= lim 1

Ns
∑

N2
i=N1

σ2
i Σλ

i with

σ2
i = Var(eit) and Σλ

i =

(
1 λ ′i
λi λiλ

′
i

)
;

(iv) 1√
T Ns

∑
T
t=1 ∑

N2
i=N1

vec( ftυ ′it)→d N (0,Σe) with Σe = lim 1
Ns

∑
N2
i=N1

(
Σλ

i ⊗Σ22,i
)

and Σ22,i = limVar(T−1/2
s ∑

T2
t=T1

eit ft);
(v) plim 1

T Ns
∑

N2
i=N1

(∑T
t=1 eit ft)(∑T

t=1 eit f ′t ) = lim 1
Ns

∑
N2
i=N1

Σ22,i;
(vi) plim 1

T Ns
∑

T
t=1[(∑

N2
i=N1

υit)(∑
N2
i=N1

υit)
′] = lim 1

Ns
∑

N2
i=N1

σ2
i Σλ

i ;
(vii) Ns := N2−N1 +1, N and T are of the same order of magnitude;
(viii) The non-zero eigenvalues of 1

Ns
∑

N2
i=N1

λiλ
′
i are distinct.

Similarly to HK, we use the following three term decomposition of γ̂:

γ̂ = galt +gdist +gbias,

where galt =
√

T NsP̃′2d −Qvec(D), gdist = P̂′2s−Qvec(S), and gbias = P̂′2l −
Qvec(L) with

d = 1
Ns

H ′
Λ
′
212

D = 1√
T Ns

H ′
Λ
′
2e′2F̂Ṽ−1

s = 1√
T Ns

Ṽ−1WH −1F ′e212,

S = 1√
T Ns

Ṽ−1WH −1F ′e2Λ2H , W = 1
N Λ̂
′
ΛH ,

Q = (d′P̃1⊗ Iq)(K̃1⊗ Iq− P̃′1P̃1⊗ K̂2)
−1(P̃1⊗ P̃2)

′, K̃1 = P̃′1Σ̂Λ2P̃1,

l = 1√
T Ns

1
N Ṽ−1

Λ̂
′e′e212,

L = 1√
T Ns

1
N Ṽ−1

Λ̂
′e′e2Λ2H + 1√

T Ns

1
T Ṽ−1F̂ ′e2e′2F̂Ṽ−1 = L1 +L2.
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galt is zero under the null hypothesis. gdist converges in distribution from As-
sumption 2 (iv) and gbias converges in probability from Assumption 2 (v) and
(vi). l and L can be estimated as follows. First, L̂ = L̂1 + L̂2 where

L̂1 = 1√
T Ns

1
N Ṽ−1

N2

∑
j=N1

λ̂ j

(
T
∑

t=1
ẽ2

jt

)
λ̂
′
j,

L̂2 =
√

NsT
T Ṽ−1

(
1
Ns

N2

∑
i=N1

Σ̂22,i

)
Ṽ−1,

with Σ̂22,i is an estimate for the longrun variance of ṽit = f̂t ẽit . For example,
Σ̂22,i = ∑

T−1
τ=−(T−1) κ( τ

mi
)R̂22,i for some kernel κ( τ

mi
) and a bandwidth mi, R̂22,i =

1
T ∑

T
t=τ+1 ṽit ṽ′it−τ

. For l,

l̂ = 1√
T Ns

1
N Ṽ−1

N2

∑
j=N1

λ̂ j

(
T
∑

t=1
ẽ2

jt

)
.

Q is also estimated by

Q̂ = ( 1
Ns

1′2Λ̂2P̂1⊗ Iq)(K̂1⊗ Iq− P̂′1P̂1⊗ K̂2)(P̂1⊗ P̂2)
′,

or simply by
Q̂1 =

1
Ns

1′2Λ̂2P̂1K̂−1
1 P̂′1⊗ P̂′2,

because Q is asymptotically equivalent to Q1 =
1
Ns

1′2Λ2H P̃1K̃−1
1 P̃′1⊗ P̃′2 under

the null. Then,

γ̂0 = γ̂− ĝbias = γ̂− P̂′2 l̂ + 1
Ns

P̂′2L̂P̂1K̂−1
1 P̂′1Λ̂

′
212,

and the test statistic is given by

T S2 = γ̂
′
0Ξ̂
−1

γ̂0 (1)

where Ξ̂ is a consistent estimator for the asymptotic variance of γ̂0. We have
under the null

γ̂0 = P̂′2s−Q1 vec(S)+op(1) = P̂′2Ṽ−1
ϖ +op(1),

where

ϖ = 1√
T Ns

H −1F ′e2(12− 1
Ns

Λ2H P1K−1
1 P′1H

′
Λ
′
212)

= 1√
T Ns

N2

∑
i=N1

T
∑

t=1
ϖit , ϖit = H −1 fteit(1− 1

Ns
λ
′
i H P1K−1

1 P′1H
′
Λ
′
212).
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For the asymptotic distribution, let

Ξ = plim P̂′2Ṽ−1
(

1
T Ns

N2

∑
i=N1

N2

∑
j=N1

T
∑

t=1

T
∑

s=1
ϖitϖ js

)
Ṽ−1P̂2,

which can be estimated by

Ξ̂ = P̂′2Ṽ−1
(

1
Ns

N2

∑
i=N1

Σ̂
ϖ
i

)
Ṽ−1P̂2,

where Σ̂ϖ
i is an estimate for the longrun variance of ϖ̂it = f̃t ẽit(1− 1

Ns
λ̃ ′i P̂1K̂−1

1 ·
P̂′1Λ̂′212).

Theorem 1. Let T S2 be the test statistic of (1). Suppose that Assumptions 1 and
2 hold. If L̂→p L, l̂→p l and Ξ̂→p Ξ, we have (i) under the null hypothesis,

T S2→d χ
2
q ;

and (ii) under the alternative hypothesis,

T S2→p ∞.

The proof is entirely the same as the result for a test of block zero restrictions
in common factors, which is offered in HK, and thus is omitted.

4. MONTE CARLO SIMULATION

The data are generated by

xit = f ′t λi + eit .

The common factor process ft is such that ft = µ f + ut where µ is a vector of
ones, ut = 0.7ut−1+vt and vt ∼ IIN (0,0.51Ir). Thus, the elements in ft are inde-
pendent AR(1) processes with a unit variance. Similarly, eit is independent across
i and is an AR(1) process such that eit = ρieit +σiεit and εit ∼ IIN

(
0,1−ρ2

i
)

where ρi governs the degree of time dependence and σi controls the degree of
heteroskedasticity of eit across i. We set ρi ∼U(−0.5,0.5) and σi ∼U(0.5,1.5).
The factor loading is such that λi ∼ µλ + IIN(0, Ir) where µλ is a vector of ones.

In all simulation experiments, the nominal size is 5%, the longrun variance is
estimated using the Quadratic Spectral window where the bandwidth parameter
is selected by Andrews’s (1991) data dependent method with AR(1) approxima-
tion and the number of replications is 3,000.
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Table 1: Probabilities of Rejecting the Block Zero Null in Λ′

(p,q) (1,1) (1,2) (2,1) (2,2)
N T size power size power size power size power

50 50 0.074 0.963 0.097 0.998 0.088 0.935 0.123 0.995
100 50 0.074 0.975 0.089 0.999 0.075 0.967 0.093 0.999
200 50 0.075 0.983 0.092 1.000 0.073 0.983 0.078 0.999

50 100 0.075 0.974 0.079 0.999 0.073 0.962 0.097 0.999
100 100 0.061 0.986 0.077 1.000 0.071 0.977 0.081 0.999
200 100 0.062 0.987 0.068 1.000 0.070 0.984 0.080 1.000

50 200 0.063 0.984 0.077 1.000 0.076 0.971 0.081 0.998
100 200 0.051 0.982 0.068 1.000 0.064 0.980 0.069 1.000
200 200 0.054 0.990 0.068 1.000 0.056 0.989 0.065 1.000

Note: The nominal size is 0.05.

For the size simulation, xit is generated with imposing the restrictions that
λi = (λ0,i,0′)′ for i = N1, . . . ,N2 with N1 = 1 and N2 = 0.5N. For the power
simulation, xit is generated without imposing the restrictions. The results are
reported in Table 1.

In Table 1, the size of the T S2 test is slightly inflated when T = 50 but ap-
proaches the nominal level as T increases. While the power is close to one in all
cases considered in the experiments, it is also increasing in both N and T .

5. APPLICATION

The T S2 test is applied to a panel of 132 monthly economic series (N = 132)
in the U.S. This dataset is the same as the one used in Stock and Watson (2002)
and Ludvigson et al. (2009). The data spans from 1964:1 to 2003:12 (T = 480).
All series are detrended and standardized in the same way as the previous stud-
ies. We classify these variables into three groups: (a) real variables, (b) financial
variables, and (c) inflation variables. These groups have 70, 37, and 25 series
respectively. Personal income, industrial production indices, employment and
unemployment related hours, and housing related statistics belong to the real
group, which measures real activities. The variables in the second group are
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Figure 1: Possible forms of blocks in Λ′

Type Group (a) Group (b) Group (c)

I � � �

II © © �

III © � ©
IV � © ©
V © � �

VI � © �

VII � � ©

Note. � denotes a non-zero block and© denotes a zero block.

money stock such as M1, M2, and M3, S&P’s indices, US Treasury bill rates,
bond yields, bond future spreads, and exchange rates. The last group has various
price indices.

The number of factors in the complete panel is estimated using ICp2, the in-
formation criterion proposed by Bai and Ng (2002). With the maximum number
of factors being 15, the estimated number of factors is 8, which is the same as
reported in Ludvigson et al. (2009). Write the loading matrix as

Λ
′

(8×N)
=

(
Λ′a

(8×70)
Λ′b

(8×37)
Λ′c

(8×25)

)
.

Each row of Λ′ stands for every variable’s loading coefficient to each factor.
Given three groups, blocks of zeros can exist in seven different forms, which are
illustrated in Figure 1, where � denotes a non-zero block and© denotes a zero
block. For example, the first row is the case of no zero block, the second row is
the case where the zero block occupies Λ′a and Λ′b together, and so on. Each of
the eight rows in Λ′ takes one of the seven forms in Figure 1 and our test will
reveal how many rows each of the seven forms has.

The test results are reported in Table 2. The first line of the table shows to
which group the block zero restriction is specified under the null hypothesis. The
remainder of the table reports p-values, where ‘-’ denotes entries less than 0.01.

We start from the largest possible block of zeros. See column (A) in Table
2, which pertains to zero blocks in Λ′2 = [Λ′a,Λ

′
b]. The null in column (A) first

specifies (p,q) = (0,8), which is rejected. Then, we reduce the size of the zero
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block until the null is not rejected. With (p,q) = (7,1), the null is not rejected,
which means that there is one row of zeros in [Λ′a,Λ

′
b] of type II of Figure 1.

Similarly, column (B) is for Λ′a and Λ′c together, where the test is not rejected
with (p,q) = (7,1) and thus there is one row of type III. No block of zeros is
supported of type IV, when Λ′b and Λ′c are considered together in column (C).

Column (D) concerns only Λ′a. The test results imply three rows with zero
loadings, which can be any of types II, III and IV of Figure 1. Since there are two
rows of type II and III, one remaining row is deemed to be of type V. Similarly,
there are three rows of type VI and two rows of type VII. To summarize, the
blocks of zeros supported by our test are depicted as

Λ
′ =


© © � (1×N)

© � © (1×N)

© � � (1×N)

� © � (3×N)

� � © (2×N)

 .

From this diagram, we can see that the first factor is an inflation factor and the
second factor is a financial factor because their impact is confined to those sec-
tors respectively. There is no factor affecting only real variables. The other six
factors connect two groups, one between the financial and inflation groups, three
between the real and the inflation groups, and two between the real and finan-
cial groups. The last row of Table 2 shows the estimated number of factors in
each group. It is estimated by ICp2 with the maximum number of factors being
15 again. The estimated number of factors ranges from 4 to 15, with which it is
hard to get a definite answer as to the multi-level structure of Λ.

6. CONCLUSION

Blocks of zeros in either F , the matrix of common factors or Λ′, the matrix of
factor loadings create models of greater interest. Zero blocks in F can be tested
by the test proposed in HK while those in Λ′ can be tested by the test proposed
in this paper. Both tests are established on the same principle, but they should
be constructed with care because usual assumptions imposed on F and Λ′ are
slightly different. This paper explains in detail how to construct the test for Λ′

and shows by Monte Carlo simulation that the test functions properly in finite
samples.
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Table 2: Block zero restrictions in the US economic variables, 1964.1 to 2003.12

p-values of T S2

H0 (A) (B) (C) (D) (E) (F)
[Λ′a,Λ

′
b] [Λ′a,Λ

′
c] [Λ′b,Λ

′
c] Λ′a Λ′b Λ′c

(p,q) = (0,8) − − − − − −
(1,7) − − − − − −
(2,6) − − − − − −
(3,5) − − − − − −
(4,4) − − − − 0.035 −
(5,3) − − − 0.013 0.019 0.118
(6,2) − − − 0.033 0.032 0.073
(7,1) 0.997 0.438 − 0.137 0.426 0.033

r̂ by ICp2 14 4 8 9 15 15

Note: Entries less than 0.01 are marked by ‘−’.

REFERENCES

Andrews, D. W. K. (1991). Heteroskedasticity and Autocorrelation Consistent
Covariance Matrix Estimation, Econometrica, 59, 817–858.

Bai, J. (2003). Inferential Theory for Factor Models of Large Dimensions, Eco-
nometrica, 71, 135–172.

Bai, J. and S. Ng (2002). Determining the Number of Factors in Approximate
Factor Models, Econometrica, 70, 191–221.

Choi, I., D. Kim, Y.J. Kim and N. Kwark (2018). A Multi-level Factor Model:
Identification, Asymptotic Theory and Applications, Journal of Applied
Econometrics, 33, 355-377.

Dias, F., M. Pinheiro and A. Rua (2013). Determining the Number of Global and
Country-Specific Factors in the Euro Area, Studies in Nonlinear Dynamics
and Econometrics, 17, 573–617.



112 BLOCK ZERO RESTRICTINGS IN FACTOR LOADINGS

Hallin, M. and R. Liska (2011). Dynamic Factors in the Presence of Blocks,
Journal of Econometrics, 163, 29–41.

Han, C. and D. Kim (2019). Testing for the Null of Block Zero Restrictions in
Common Factor Models, Manuscript, Department of Economics, Korea
University.

Ludvigson, S.C. and S. Ng, (2009). Macro Factors in Bond Risk Premia, The
Review of Financial Studies, 22, 5027–5067.

Stock, J.H. and M.W. Watson (2002). Macroeconomic Forecasting Using Diffu-
sion Indexes, Journal of Business and Economic Statistics, 20, 147–162.


