On the Estimation of Common Factors in the
Presence of Block Structures®

Claudia Cicconi'

This version: December 2008

Abstract

This paper considers factor models in which the cross-correlation among
time series is due to both common and block-specific factors. Under cer-
tain conditions, these models are asymptotically equivalent to approximate
factor models and common factors can be consistently estimated by both
principal components and quasi maximum likelihood. However, since local
cross-correlation can slow down the law of large numbers, these two estima-
tors may have poor properties in finite samples. We explicitly model the
block structure of the data using a hierarchical model and show by Monte
Carlo simulations that exact maximum likelihood can provide a better es-
timation of the common factors. The potential advantages of modeling the
block structure are illustrated in an empirical application of the hierarchi-
cal model to sectoral business surveys. The common factor of the data is
then used to forecast the manufacturing production index and its forecasting
performance compared to that of other survey based indicators.
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1 Introduction

This paper considers factor models in which the cross-correlation among time series is
due not only to common factors, like in standard factor models, but also to block-specific
factors, i.e. factors whose influence is not completely unit-specific, nor common to all
cross-sectional units, but common to groups of them.

Explicitly modelling the block structure of the data has revealed very useful in a variety
of economic applications. Indeed, models with block-specific factors have been used, among
others, by Forni and Reichlin (2001) to assess the scope for national output stabilization of
European federal policies; by Kose, Otrock and Whiteman (2003) to characterize the world
and regional business cycles; by Beck, Marcellino and Ubrich (2006) to analyze regional
inflation dynamics within and across European countries; by Brooks and Del Negro (2004)
to investigate the exposures of individual stocks to global, country-specific and industry-
specific shocks and by Stock and Watson (2008) who model US building permits data as
driven by a national factor, a regional factor, and a state-specific disturbance.

Moreover, data with a block structure is also very often used when the interest is
on global factors without modelling the block-specific component. In many empirical
applications, especially in macroeconomics and finance, approximate factor models are
applied to heterogeneous blocks of data pooled together with the intent of extracting the
few common factors driving the economy. Blocks can correspond to regions or countries
and/or sectors of origin and/or groups of variables of different nature like prices, production
indexes, GDP, stocks, interest rates, money aggregates'.

If not modeled, the block structure would determine some cross-correlation in the
idiosyncratic component. Though approximate factor models do not rule out cross-
correlation in the idiosyncratic component, it has to be a mild cross-correlation to allow
for identification and guarantee some estimation properties (see for example Chamberlain
and Rotschild, 1983 and Forni, Hallin, Lippi and Reichlin, 2000). On the other hand,
more recent results obtained by Boivin and Ng (2006), Onatski (2007) and Hallin and
Liska (2008) suggest that modelling the block structure of the data can be relevant also
when the interest is in global factors. Given the increasing amount of empirical appli-
cations involving data sets with block structures, it would be worth to investigate what
kind of block structures can be accommodated for by approximate factor models and, in
particular, what are the effects of block structures on the estimation of common factors.
This is indeed the aim of this paper.

To simplify, let us suppose that our panel of time series is formed by ¢ blocks of n’
time series (nb < o0). Then, we can distinguish two cases: (i) n”/n - 0 when n — oo
and () n®/n — 0 when n — co.

The first case reflects the standard approach adopted in practice to increase the num-
ber of series, which consists of increasing the level of disaggregation in each block while
keeping the number of blocks fixed. In this case, approximate factor models are inade-
quate because the cross-correlation due to the block-specific factors does not vanish with
the cross-section n. Block-specific factors take the form of 'weak’ common factors which
can only be distinguished with difficulty from ’strong’ common factors and the principal
component estimator is not consistent (see Onatski, 2007).

!'Examples are Chamberlain and Rothschild (1983), Forni, Hallin, Lippi and Reichlin
(2000); Stock and Watson (1989); Altissimo et al.(2001), Marcellino, Stock and Watson
(2003), Angelini, Henry and Mestre (2001), Stock and Watson (2002a) and Bernanke and
Boivin (2003) to quote only a few.



In the second case, on which the paper is focused, the number of time series increases
as the number of blocks does, while the size of each block is fixed. This could happen, for
example, when additional blocks of data are considered or when the level of disaggregation
of the variable(s) according to which the blocks are formed increases (regions instead
of countries, for example). In this case, the cross-correlation due to the block-specific
factors dies out with the cross-section so that the model with block-specific factors is
asymptotically equivalent to an approximate factor model. Then, even if the block-specific
component is not explicitly modelled, both principal components and quasi maximum
likelihood can provide consistent estimates of the common factors (see Doz, Giannone and
Reichlin, 2006). However, since local cross-correlation in the idiosyncratic component can
significantly slow down the law of large numbers (see Boivin and Ng, 2006), both principal
components and quasi maximum likelihood estimators of the common factors may have
poor properties in finite samples.

We model the block structure of the data through a hierarchical factor model and pro-
pose an exact maximum likelihood estimator of the common factors. The exact maximum
likelihood estimator of the common factors is then compared to the principal components
estimator (Stock and Watson, 2002) and to the quasi maximum likelihood estimator, re-
cently proposed by Doz, Giannone and Reichlin (2006), under different forms of block
structures. Our Monte Carlo simulation experiments show that while, as expected, the
three estimators are asymptotically equivalent, the exact maximum likelihood estimators
outperform the others in finite samples, suggesting that explicitly modeling the block
structure of the data can indeed provide better estimates of the common factors.

The potential advantages of modeling the block structure are illustrated in an em-
pirical application in which the model is applied to sectoral business survey data. The
common factor of the data is estimated by exact maximum likelihood and it is used to fore-
cast the manufacturing production index. Its forecasting performance is then compared to
that of other survey based indicators by reproducing a pseudo real-time situation, which
would fully exploit the timeliness of releases of business surveys with respect to prelim-
inary official data on industrial production. The block-specific component accounts for
a considerable amount of variations in the data (more than 20 per cent). The forecasts
obtained by using our model with sector-specific factors are better than the average in
terms of mean square forecast error. Moreover, we find that forecasting the manufacture
production index by aggregating sectoral forecasts, obtained by using our estimated sector-
specific factors, provides better results than simply forecasting the aggregate directly.

The remainder of the paper is organized as follows. Section 2 describes the model and
some related literature; Section 3 presents the estimation method; Section 4 describes the
Monte Carlo simulation experiment and presents the main results; Section 5 describes the
results of the empirical application and Section 6 concludes.

2 The model with block-specific factors

In the hierarchical factor model the observed time series are decomposed in three orthog-
onal components: a common component, a block-specific component, which is driven by ¢
block-specific factors, and an idiosyncratic component, which is completely unit specific.
More formally,
c_c b b
Xt:Aft +A ft —i—et (1)

where



-x¢ = (T1t,+ ,ZTpr) 18 @ n X 1 stationary process;
c ., . .
- A is the n X r matrix of common factor loadings;
c
- £, , the vector of common factors, is a r x 1 stationary process;

A = (AZ), k=1,---,q, is the n x ¢ matrix of block-specific factor loadings with

AY unconstrained if ¢ isin block k,i=1,---,n
*70 otherwise

- ftb7 the vector of block-specific factors, is a ¢ X 1 stationary process;

-e = (6/175, -+ ent), the idiosyncratic component, is a n x 1 stationary process;
- E(ete; ) = U, a diagonal matrix;

- ftc, ftb and e; are orthogonal at all leads and lags;

CE( ) =1, and E(£,t,) = I,.

A similar model has been recently formalized by Ng, Moench and Potter (2008). For
each observed variable 7 in block k they have

xft = ik (L)/th + ei'gt (3)
G = (L)t +gy (4)

and therefore
afy = Xir(L) (L) + Nie(L) gy + €h (5)

where f; is the r x 1 vector of unobserved common factors, corresponding to our f, , g, is

the ¢i x 1 vector of block-specific factors of the k-th block?, corresponding to our th» and
ek is the residual idiosyncratic component.

This model shows similarities and differences from our model. The main similarity is that
we both take the block-structure as given, in the sense that it is completely suggested
by the structure of the data. Concerning this point, the approach behind two models
differs from Hallin and Liska (2008) where a theoretical framework for the identification
of the block structure is developed. Another similarity is that both models, the model
considered here and Ng, Moench and Potter (2008)’s, can be easily generalized to multiple
levels models, i.e. to models in which the cross-sectional units are grouped according
to more than one variable?. However the two models also differ in some characteristics.
The first difference is that our model is static while their model is dynamic; the second
is that in our model each block of data is driven by one block-specific factor while they
allow for multiple block-specific factors in each block. The generalization of our model is
straightforward and our preliminary results confirm the intuition that simplification can
come without any loss of generality.

A third difference between the two models concerns the heterogeneity of the loadings on
the common factors. In Ng, Moench and Potter (2008) the loading of unit ¢ of block & on
the common factors is )\ik,'yk, implying that the responses of cross-sectional units in block

2In Ng, Moench and Potter (2008) the block-specific factors are the Gys. We call their
gis block-specific factors and the Gys block-common factors.

3This is hardly possible in Hallin and Liska (2008) because of a problem of dimension-
ality. In fact, they assume a factor space that contains a total of 27 factors where g is the
number of blocks, thereby posing a limit to the number of blocks that can be taken into
consideration in practice already when the cross-sectional units are partitioned along one
dimension only.



k to the common factors can only differ to the extent that their exposure to the block-
common factors G, differs, whereas our A; is completely unconstrained*. Not imposing
restrictions on the loadings of the common factors has the advantage of allowing for more
flexibility while the implied larger number of parameters to estimate has a very limited
negative impact on computational time.

2.1 The model with block-specific factors and the ap-
proximate factor model

Let us now sort our time series so that the first n; belong to the first block, the next
ng to the second block and so forth, till the last ny, belonging to the ¢-th block (n =
> ki) Then, the decomposition of the covariance matrix of the observables implied by
the hierarchical model is: L -

Y=AA +AAN +VT (6)

where:

- ACAC/, the covariance matrix of the common component, is a full matrix;

- AbAb/, the covariance matrix of the block-specific components, is a block- diagonal
matrix;

- ¥ | the covariance matrix of the idiosyncratic component, is a diagonal matrix.

Hence, the idiosyncratic component is completely unit-specific, the block-specific factors
are only responsible for cross-correlation within-blocks, i.e. across units in the same block,
while common factors are also responsible for cross-correlation across blocks.

If the block-specific component is not modeled, the idiosyncratic component will be

=A" f + e, with block-diagonal covariance matrix U with

@y =g
pij = A if ¢ # j but 7 and j belong to the same block (7)

0 if 1 # j and ¢ and j do not belong to the same block

for all is in block k, k=1,---q.

However, if the size of the blocks does not grow as fast as the cross-section dimension
n (nk/n — 0 as n — o), the factor model with unmodeled block-specific component is
asymptotically equivalent to an approximate factor model. In order to show that, we rely
on the definition of the approximate factor model in Chamberlain and Rotschild (1983)
according to which a factor model is an approximate factor model if (and only if) the
largest eigenvalue of the covariance matrix of its idiosyncratic component is bounded, in
the sense that goes to zero as n goes to infinity. Let )\mam(\I/) denote the largest eigenvalue
of U. Then, if the model is not degenerate, )\maz(\Il) is larger than zero and bounded above
by max; Y i1 |¢U |. Assume the maximum is achieved for i = i and that i belongs to block

“In this, we follow Kose, Otrok and Whiteman (2003)and Beck, Marcellino and Ubrich
(2006), to cite only a few.
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Then, if the size of the blocks is bounded the largest eigenvalue of the covariance matrix
of the idiosyncratic component is also bounded (Ayqe(¥)/n — 0) and the model is an
approximate factor model.

From the estimation point of view, the asymptotic equivalence to the factor model
implies that the common factors can be consistently estimated even if the block-structure
is not modelled. However, when the cross-section is finite the two models differ and this
may have an impact on the estimation of the common factors. The aim of this paper is
indeed to evaluate such an impact.

3 The estimation method

The hierarchical factor model is estimated by exact maximum likelihood using the Ex-
pectation Restricted Maximization (ERM) algorithm - an EM algorithm in which the
maximization step is performed under the desired constraints. With respect to the model

described in the previous Section (see (1 and (2)), f, ftb and e; are assumed to be white
noise processes. The main motivation behind such a choice is that we want to develop an
estimation method for our simulation experiments where we focus our attention on the
impact of the block structure on the estimation of the common factors, making all the rest
as simple as possible. The dynamic version of the model can be estimated by maximum
likelihood using the Kalman filter as in Doz, Giannone and Reichlin (2006) or by Monte
Carlo Markov Chain as in Ng, Moench and Potter (2008).

Let us first introduce some notations in order to write the likelihood of the model
in a compact form. Let X = (x1,-+- ,X¢," - ,xT), denote the T x n stacked vector of

observed variables, A = (Ac,Ab) the n x (r + ¢) matrix of unrestricted factor loadings,

cy b

F=(F, - ,F  --Fg), where F, = (£, f ) the T x (r + q) stacked vector of
common and block-specific factors and, finally, E = (e1,--- , e, - ,eT)/ the T x n stacked
vector of idiosyncratic components.

The loglikelihood of the unrestricted model is then given by

T T T
LO:X,F) = —@mg(%)—;logm—zﬂ (T8, ) -
T N
—§Tr(\ll ASFFA)+§T1~(\1/ SXFA)+
T N T
+5 T (xp IAS,, ) — ST (Ser)



where 6 collects the parameters of the model, A and ¥, S, = £, XX, Syp =
Sey = A3, X F, and S, = %Zt F,F,.

Let us now denote with a R} a (¢ — 1) x ¢ matrix obtained by inserting a column of
zeros in the position k£ in an identity matrix of dimension ¢ — 1. Then, for all ¢s in block
k, we can define the (¢ — 1) x (r + ¢) matrix R; = (0(4_1)x» Rjp). The block-specific
factor loadings in the hierarchical model satisfy the zero constraints in (2), which can be
written in a matrix form as

RVGC(A) = 0n(q—1)><17 (8)

where R is the n(q — 1) x n(r + ¢q) block diagonal matrix with blocks R;.
Then, the exact maximum likelihood estimates of the parameters can be obtained by
maximizing the augmented loglikelihood of the model

L(0;X,F) = L£(6;X,F) — ¢ Rvec(A), (9)

where ¢ is the n(q — 1) x 1 vector of Lagrange multipliers. This can be done applying the
ERM algorithm. At each iteration [, we evaluate the conditional expectation of the loglike-

lihood given the current parameter estimates and the observed variables, F (E\X, 9”_1)),
by computing E(S,,\X,0" ") and E(S,,\X,0" "), which are given, respectively, by
the two sufficient statistics

) @ s ) (1=1) _ (1-1)
L A S SR U S

XF FX XX

g _ (T _|_A“’“/\y“’”—lA”*”)—l +A<z—1>’2<z71>_15<z> RSP

FF XX

(1—1) (1—1) , (1—1)/ (1-1)
where ¥ = A A + W .

Once the expected value of the augmented loglikelihood given the observed variables and
the current estimate of the parameters is computed (E-step), we can maximize it (restricted
maximization step) with respect to 6 to obtain the updated parameter estimates

(1

0 .

= Argmax, E(L(0)\X,0

In our particular case, the first order conditions give

A = S Ly — SO R/ (RS R)T'R)S,. i=1,--,n (10)

X F
v —AVSsY AT ST A", (11)

v = Diag(s,, — S A"

®
XF
We take the first r principal components of the observed variables as initial values for
the r common factors and obtain the initial values for their factor loadings as orthogonal
projections on the r common factors. We then compute x; = x; — AC(0>fZ(O) and for
k=1,---,q we set the initial value of the block-specific factor of block k equal to the first
principal component of xf = {4;\¢ in block k and t = 1,--- ,T}; the initial values of the
non-zero block-specific factor loadings are then obtained as orthogonal projections on the
corresponding block-specific factor, block by block.

R0) e(l-1)
We control for convergence by looking at the angle between f, and f, and stop the

algorithm when it is less than 1e—4. The algorithm is repeated till convergence is achieved
at iteration L and the maximum likelihood estimator of the common factors is defined as
the expected value of the common factors given the data and the estimated parameters

). (12)

2° c (L)
fHIE,t = E(ft \X79



4 The small sample properties of the estima-
tors of the common factors

As shown in Section 2, if the size of the blocks is bounded the cross-correlation due to
block-specific factors can be accommodated by an approximate factor model. Then, both
principal component and quasi maximum likelihood would provide consistent estimators
of the common factors (see Doz, Giannone and Reichlin, 2006) that are asymptotically
equivalent to the exact maximum likelihood estimator obtained by explicitly modelling
the block structure. This makes modelling the block structure of the data asymptotically
irrelevant. However, explicitly modelling the block-structure can make a difference in small
samples. In fact, as the cross-correlation among the idiosyncratics due to the unmodelled
block-structure slows down the law of large numbers (Bai and Ng, 2006), when n is finite
the exact maximum likelihood estimator, obtained by fully specifying the block-structure,
could provide a better approximation of the common factors than principal components
and the quasi maximum likelihood estimator.

We analyze the small sample properties of these estimators through a set of Monte
Carlo simulation experiments. We generate data from a static hierarchical model and
estimate the common factors using three alternative estimators: the exact maximum like-
lihood estimator proposed in the paper, the quasi maximum likelihood estimator proposed
by Doz, Giannone and Reichlin (2006) and the principal component estimator (Stock and
Watson, 2002). Then, we compare them in terms of efficiency by looking at some trace
statistics.

More precisely, we draw data from

c_c b b
Xt:A ft +A ft —I—et

b { iid. M(0,1)if 7isin block k, i =1,--- ,n, k=1,--- ,q
- Ay = ‘o
0 otherwise
- Ay iAo N(0,1)i=1,--,nandj=1,---,r
-f iid N(0,1,)
£, iid. N(0,1,)
-e iid. N (0,7), ¥ diagonal

c c 2 . ..
- = 1_5&_71 A Zthl (22:1 Aijfjt) with §; and v; ii.d. U([u, 2 — u).

The coefficient [3; is the ratio between the variance of the idiosyncratic component and the
variance of the observed variable x;;, while ~; is the portion of the variance of z;; explained
by sector-specific factors. In our simulations, ; and ~y; are uniformly distributed with an
average of 1/3, which means that each component in the model - the common, the block-
specific and the idiosyncratic - accounts for one third of total variance on average. All

of the blocks have the same size, nb7 kept fixed as n increases. Each block is driven by
one block-specific factor, so that the number of block-specific factors is the same as the
number of blocks, given by ¢ = n/ n’.

We generate the model for different sizes of the cross-section - n = 20, 50, 100, 150, 200, 250
- and for sample sizes T = 50,100, 150. Then, for each combination of n and T, we draw
data 1000 times and compute the following estimates of the common factors:

- principal components (Stock and Watson, 2002): %;C,t;

8



- quasi maximum likelihood (Doz, Giannone and Reichlin, 2006): E'LC,G Rt

. . . ~C
- exact maximum likelihood: £z, p ;.

The first two estimation methods ignore the block-structure of the data: , the principal
components estimator is a maximum likelihood estimator obtained under the assumption
that the the idiosyncratic component is spherical and non cross-sectionally correlated,
while the quasi maximum likelihood estimator by Doz, Giannone and Reichlin (2006),
£ ;G R,t» 18 obtained under the assumption that the idiosyncratic component is heteroscedas-
tic but non cross-sectionally correlated.
Conversely, the exact maximum likelihood estimator, flj 1E.+, is obtained under the true
model and it is not affected by any source of miss-specification.

Following Bai and Ng (2006) and Doz, Giannone and Reichlin (2006) we evaluate the
performance of the three estimators by means of the following trace statistic:

TR Tr (F/F(’H’L) (F(Tn)lﬁ‘(m))ilﬁ‘(’m),F>
(m) = Tv(F F)

where F(m) is the estimate of the common factors obtained with the estimator m, m =
PC, DGR, HIE. Such a statistic can be seen as a multivariate version of the R? of the
observed factors on the estimated factors: the closer to one, the better the approximation
of the true common factors. In order to compare the performance of the three estimators,
we compute the ratios TR ., /TR .., and TR, /TR, . Numbers higher than one
indicate that the exact maximum likelihood estimates are more accurate than principal
components and the quasi maximum likelihood estimates, respectively.

Table 1 shows the results in terms of medians across 1000 repetitions of our baseline
Monte Carlo simulation (r = 1 and n’ = 5). The following results emerge: first, the
approximation of the true common factors provided by the three estimators improves
as the cross-section n increases; second, the exact maximum likelihood estimator always
outperforms the other two; third, the exact maximum likelihood estimator is particularly
good when n is small; fourth, the three estimators tend to perform similarly as n increases;
fifth, the precision of the quasi maximum likelihood and of the principal components
estimators reaches that of the exact maximum likelihood estimator only when the size of
the cross-section is quite high; sixth, the effect of the sample size, T', is small and has some
relevance only when n is very small; the number of iterations needed for the convergence
of the ERM algorithm is quite high but it quickly decreases with n, presumably because
of the improvement in the initial values used for the parameters.



Table 1. Monte Carlo experiment results*

c

Number of iterations of the ERM algorithm (f )

(HIE)

n=20 n=50 n=100 n=150 n =200 n =250
T =50 61 36 27 23 21 20
T =100 58 34 26 22 20 19
T =150 55 33 25 22 20 18

TR(HIE)

n=20 n=50 n=100 n=150 n=200 n=250
T =50 0.92 0.96 0.97 0.97 0.97 0.97
T =100 0.93 0.97 0.98 0.98 0.99 0.99
T =150 0.94 0.97 0.98 0.99 0.99 0.99

TR(HIE) /TR(PC)

n=20 n=50 n=100 n=150 n=200 n =250
T =50 1.082 1.025 1.011 1.007 1.005 1.004
T =100 | 1.076 1.023 1.011 1.007 1.005 1.004
T =150 | 1.076 1.023 1.010 1.007 1.005 1.004

TR(HIE)/TR(DGR)

n=20 n=50 n=100 n=150 n=200 n =250
T =50 1.073 1.021 1.009 1.006 1.004 1.004
T =100 1.062 1.019 1.009 1.006 1.004 1.003
T =150 | 1.058 1.019 1.008 1.006 1.004 1.003

7 N 7 1z 7
Tr(F FinyEm) Fam)) ™ Fm) F)
§ T (F F) '
Data generating process: n =5, r =1, 3; and ~; i.i.d. M([u,% —ul).

* Medians across 1000 experiments; T'R(,,) =

If the data has a block structure, the convergence to the approximate factor model
depends on the convergence of n’ /n to zero (see the Introduction and Section 2). This
implies that the higher nb, the better the relative performance of the exact maximum
likelihood estimator for any given n and the higher n has to be for the three estimators to
be equivalent. This is confirmed by the results shown in Table 2°: first, exact maximum
likelihood always outperforms quasi maximum likelihood and principal components, inde-
pendently of the block-size; second, as expected the larger the block-size the better the
relative performance of the exact maximum likelihood estimator for any given n; third,
the three estimators tend to perform similarly as n increases; fourth, the larger the block-
size the higher n as to be in order to make the three estimators equivalent; finally, quasi
maximum likelihood though outperformed by exact maximum likelihood always does bet-
ter than principal components, independently of the block-size and of the cross-section
dimension.

5Since the sample size T is not relevant, we only show the results for T = 100. The full
set of results is available upon request.
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Table 2. The effect of the block-size*
TR

(HIE)
n=20 n=50 n=100 n=150 n =200 n =250
n =10 0.94 0.97 0.98 0.98 0.99 0.99
n’ =5 0.93 0.97 0.98 0.98 0.98 0.99
n’ =2 0.92 0.96 0.98 0.98 0.98 0.99
TR(HIE)/TR(PC)

n=20 n=50 n=100 n=150 n =200 n =250

n 10 | 1.286 1.035 1.014 1.009 1.006 1.005

n =25 1.076 1.023 1.011 1.007 1.005 1.004

n 2 1.033 1.012 1.006 1.004 1.003 1.003
TR(HIE)/TR(DGR)

n=20 n=50 n=100 n=150 n =200 n =250

n =10 | 2.018 1.027 1.012 1.007 1.005 1.004
n" =5 1.062 1.019 1.009 1.006 1.004 1.003
n’ =2 1.033 1.009 1.005 1.003 1.002 1.002

N N N N 7
Tf(F F () Fm)y Fm) T () F)
* Medians across 1000 experiments; TR(,,) = .

T (F F)
Data generating process: r = 1, T=100, 3; and ~; i.i.d. U([u, % —ul).

In order to evaluate the negative effects of fitting a hierarchical model to data without
a block structure, we simulate data from a static exact factor model and compare prin-
cipal components, quasi maximum likelihood and ’exact’ maximum likelihood obtained
assuming that the data have a block-structure. The results in Table 35 show that ’exact’
maximum likelihood always does better than principal components and, at worst, 0.2 per
cent worse than quasi maximum likelihood. This is encouraging since it guarantees that,
even if the model is an exact factor model and we erroneously fit a hierarchical factor
model, we would get good estimates of the common factors”.

6Table 3 only shows results for n’ = 5. We also computed exact maximum likelihood
estimators assuming different values of the block-size obtaining similar results.

"This issue deserves further investigation. In particular, it would be interesting to
investigate the case in which the data generating process is an approximate factor model
to relax the assumption that the number of common factors is known. Both these two
extensions are in our current research agenda.
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Table 3. The effects of misspecification*
TR

(HIE)
n=20 n=50 n=100 n=150 n=200 n =250
T =50 0.95 0.98 0.98 0.99 0.99 0.99
T =100 0.96 0.98 0.99 0.99 0.99 0.99
T =150 0.96 0.98 0.99 0.99 0.99 0.99
TR(HIE) /TR(PC)

n=20 n=50 n=100 n=150 n =200 n =250
T =50 1.008 1.004 1.002 1.001 1.001 1.001
T =100 | 1.010 1.004 1.002 1.002 1.001 1.001
T =150 | 1.011 1.005 1.002 1.002 1.001 1.001
TR(HIE) /TR(DGR)

n=20 n=50 n=100 n=150 n=200 n =250
T =50 0.998 0.999 1.000 1.000 1.000 1.000
T =100 | 0.999 1.000 1.000 1.000 1.000 1.000
T =150 | 0.999 1.000 1.000 1.000 1.000 1.000
T B ) (B () B )" P F)

™ (F F) '
Data generating process: exact factor model with heteroscedastic idiosyncratic

* Medians across 1000 experiments; T'R(,,) =

component, r = 1, variance explained by the common component = 1/2.

AC b
f; (zr1E) obtained assumingn =5

A further important issue to consider when dealing with maximum likelihood estima-
tion of large factor models is that of computational time. Doz, Giannone and Reichlin
(2006) have recently shown that maximum likelihood estimation is computationally fea-
sible for factor models of large cross-sections. We find that the computational time for
exact maximum likelihood estimation significantly increases with n but Table 4 shows that
this is mainly due to the increase in the number of block-specific factors implicit in the
increase in n for any given block-size. In fact, the dependence of computational time on
the cross-section is worryingly strong only when the size of the blocks is small, i.e. when
the number of blocks increases faster with n: an increase in n from 20 to 250 increases
the computational time from around 0.15 to nearly 190 seconds when n” = 2 and from
0.23 to only 27 seconds when n” =10. This is encouraging as it shows that computational
time is not an obstacle to the applicability of this estimation method in all those cases in
which the advantages of exact maximum likelihood estimation with respect to principal
components and quasi maximum likelihood are higher, i.e. when the size of the blocks is
larger®.

8Tt would be worth investigating whether other algorithms than the ERM, like for
example the gradient projection algorithm (Jamshidian, 2004), can provide faster conver-
gence.
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Table 4. Computational time, in seconds®
. b
block-size: n = 10
n=20 n=50 n=100 n=150 n =200 n =250
(¢=2) (¢=5) (¢=10) (¢=15) (¢=20) (g=25)

T =50 0.23 0.32 1.25 4.23 11.95 27.73
T =100 0.23 0.30 1.22 4.54 11.51 27.10
T =150 0.24 0.32 1.26 4.54 11.57 26.87

block-size: n° = 5
n=20 n=50 n=100 n=150 n=200 n =250
(g=4) (¢g=10) (¢g=20) (¢g=30) (q=40) (g = 50)
T =50 0.21 0.56 2.62 11.34 28.38 59.36
T =100 0.20 0.54 2.53 10.78 27.13 56.54
T =150 0.19 0.56 2.53 10.64 26.89 54.44
block-size: n° = 2
n=20 n=50 n=100 n=150 n=200 n =250
(g=10) (¢g=25) (¢=50) (¢=75) (g=100) (g=125)
T =50 0.15 0.76 6.30 30.67 88.90 189.58
T =100 0.14 0.75 6.29 29.67 87.90 186.10
T =150 0.15 0.76 6.10 30.57 87.64 183.93

* Medians across 1000 experiments; number of block-specific factors in parenthesis;

Data generating process: r = 1, 8; and ~; i.i.d. U([u, % —ul).

5 Empirical application

In our empirical application we use the hierarchical factor model to take account of sectoral
heterogeneity in business survey data. We then use the estimated common factor to
forecast the manufacturing production index and evaluate its forecasting performance
against that of other survey based indicators. The main motivation behind this approach is
that while business survey data is widely recognized as an important source of information,
essentially because of their timeliness with respect to official data, these two aspects -
sectoral heterogeneity and out of sample performance - have not been sufficiently taken
into consideration in the existing literature, at least to our knowledge.
The choice of which survey based indicators to compare and the design of the forecast
exercise reflect the aim of investigating on the following issues: (i) whether business survey
data have an out of sample informational content; (#) whether their timeliness plays a
role in that; (44) whether their out of sample informational content depends on the way
indicators are computed; (i) whether sectoral heterogeneity is important; (v) whether
aggregating sectoral forecasts does provide more accurate results than just forecasting the
aggregate.

In the next Subsection we will give a brief description of the data and illustrate their
main characteristics as they emerge from our modelling framework. Then, we will describe
the design of the forecast exercise and present the main results.
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5.1 Data description

Our sectoral business survey data set consists of the balances of opinions of the five vari-
ables included in the Business Climate Indicator computed by the European Commission®:
production expectations, order books, stock of finished products, export order books and
production level.

Survey data is collected as individual qualitative assessments stating whether these vari-
ables are at a normal level, below or above it or whether they are equal, higher or lower
than the previous period. For some variables, for example the stock of finished products,
the firm is asked to make their assessment in terms of four categories instead of three.
However, the balance of opinions, the official quantified measure of firms’ qualitative as-
sessments, is defined as the difference between the weighted percentage of answers in the
two extreme categories'®. The balances of opinions refer to the 14 subsections of the
Italian manufacturing sector according to the Italian version of the NACE Revl.1 classifi-
cation (see Table A.1 in the Appendix). The data set spans the period from January 1991
through to January 2007.

On the basis of a preliminary principal components analysis, we set the number of
common factors to one and assume that each block is driven by one sector-specific factor!!.
The variance decomposition of the data implied by the model shows that more than 20
per cent of the variance of sectoral survey data is explained by sector-specific shocks.
Moreover, variance decomposition block by block shows that the contribution of the three
components to the variability in the data is heterogeneous across sectors.

5.2 Forecast exercise. Design and main results

We use the common factor obtained by estimating the hierarchical model to forecast the
annual growth rate of the manufacturing production index, ¥; = 100 X (y; — ¢¢—12)/yt—12,
and compare its performance to that of other survey based indicators; we also compare
two methods of obtaining aggregate forecasts: in the first one Y; is forecasted directly as
an aggregate, while in the second one Y; is obtained by aggregating sectoral forecasts. The
survey based indicators considered as competitors are

- the aggregate and sectoral balances of opinions of production expectations and
production levels, BEXP and BLEV;

- the aggregate and sectoral Industrial Confidence Indicators, ICI;
- the aggregate and sectoral Italian Business Climate Indicators, IBCI;

- the common factor and the sector-specific factors obtained from the hierarchical
model, CHIE and SHIE;

- the Principal Components Indicator (PCI), given by the first principal component
of the data at a sectoral level (only aggregate);

9The Business Climate Indicator is the estimated first common factor of a factor model
for European survey data. See European Commission (2000).

10See Malgarini and Martelli (2005) for a detailed description of the sample design and
the weighting scheme adopted to aggregate Italian business survey data.

1 The first principal component explains 38.8 percent of total variance of the data, the
second 6.9 percent, the third 6.5, the fourth 3.8, etc.
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- the first common factor of sectoral data estimated by quasi maximum likelihood
(only aggregate), DGRI.

The forecast exercise consists in estimating the business survey indicators and comput-
ing the backcasts, the nowcasts and the forecasts'? recursively, on rolling windows of ten
years of data. In order to take into account the effects of new data releases, the forecasts
are computed three times a month. The first forecasts are computed at the beginning
of month 7', when official data are available till month 7" — 3 and survey data till month
T — 1; the second forecasts are computed in the middle of month 7" and take into account
the release of preliminary data for the manufacturing production at T — 2 taking place
during the second week of the month; finally, the third forecasts are computed the last
day of the month and take into account of release of survey data for the current month T'
taking place during the last week of the month.

Denoting as IT a generic business survey indicator, s the sector of activity, h the forecast
horizon, T” the last available observation for the manufacturing production index and T*
the last available observation for survey data (T < T* < T), these are the competing
forecasts we take into account

- the constant growth forecast, Y(xh =&y = 23:1 Y, /T';

c

. S(AR) .
- the autoregressive forecast, Yy, j, = ¢, + G up, (L) Y775

- the augmented autoregressive forecast, Yﬁi? = Coanry T anr) (L)YT/—i—B(AAR) (L)

- the forecast obtained by aggregating the sectoral forecasts Y ths = Cstas (L)Y o+
B(L)ps 4+ Bs(L)p- 5, s =1,...,14

where the length of the backward filters, as and s, is set according to the AIC. The
prediction accuracy is evaluated by means of the Mean Squared Forecast Errors (MSFE)
computed over the period March 2001 through January 2007.

Figure 1 shows the results concerning the forecasts made at the beginning of the
month using the common factor and the sector-specific factors obtained by modelling
the block-structure of the data; the dashed and the dotted lines refer to the average
performance of the forecasts obtained by using the aggregate survey based indicators
(direct augmented forecasts) and of the forecasts computed by aggregation of sectoral
forecasts (aggregated augmented forecasts), respectively'®. The results are expressed in
terms of relative MSFE with the constant growth forecasts used as benchmark, so that
numbers below/above one indicate a better/worse performance than the constant growth
forecasts. The following main conclusions emerge: the MSFE of the augmented forecasts
obtained using the hierarchical indicators is lower than the average MSFE obtained using
alternative indicators; the forecasting performance deteriorates with the forecast horizon;
autoregressive forecasts deteriorate faster than those obtained by using the additional
information coming from survey data; the forecasting performances are similar as far as
backcasts (T'— 2 and T — 1) and nowcasts (T') are concerned and more differentiated at
longer horizons; direct augmented forecasts are more accurate than autoregressive forecasts
only from two step ahead on; at all forecast horizons, the lowest MSFE is reached by
aggregating sectoral forecasts: the gap in the MSFE with respect to direct forecasts is

12Hereafter, we sometime use the term ’forecasts’ in its general sense, including back-
casts, nowcasts and forecasts.
13See the Appendix for a detailed table of the results (Table A.2).
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relevant from one step ahead on, it increases with respect to the autoregressive forecasts
and it is constant with respect to the direct augmented forecasts.

Figure 1 - Forecasts at the beginning of month 7T *

1.4 T T
—<—— constant growth
13- —* AR .
—e—— direct(HIE)
—<— byaggr(HIE)
Rl | direct(average)
< byaggr(average)
1.1

T-2 T-1 T T+1 T+2 T+3 T+4 T+5 T+6
forecast period

* direct(HIE): MSFEs of direct forecasts augmented with the hierarchical common factor;
direct(average): average MSFEs of direct forecasts augmented with the hierarchical common factor;
byaggr(HIE): MSFEs of forecasts obtained by aggregating sectoral forecasts augmented with the
sector-specific factors; byaggr(average): average MSFEs of forecasts obtained by aggregating sectoral
forecasts augmented with the sector-specific factors. Evaluation period: March-2001 to January-2007.

Figure 2 shows the results obtained by forecasting in the middle of the month after
the release of manufacturing production index for T'— 2. The main conclusions emerged
by analyzing forecasts made at the beginning of month 7 hold: forecasts deteriorate
with respect to the constant growth forecasts as the forecast horizon increases and the
aggregation of sectoral forecasts gives the best results at all forecast horizons (see Table A.2
in the Appendix for detailed results). By comparing Figure 1 and Figure 2 it also emerges
that the release of official data on the manufacturing sector at T'— 2 has a negligible effect
on the augmented forecasts while it significantly improves the autoregressive forecasts from
one step ahead on. As a result, using survey indicators in augmented direct forecasts only
provides some advantages over the autoregressive forecasts starting on three step ahead,
while using them in augmented aggregated forecasts entails a lower MSFE already at two
step ahead.
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Figure 2 - Forecasts in the middle of month T *

1.4 T T
—<—— constant growth
1.3 T AR f
—e—— direct(HIE)
—<— byaggr(HIE)
1.2 :
— -© — direct(average)
< byaggr(average)
1.1
1
09
0.8
0.7
T-2 T-1 T T+1 T+2 T+3 T+4 T+5 T+6

forecast period

* direct(HIE): MSFEs of direct forecasts augmented with the hierarchical common factor;
direct(average): average MSFEs of direct forecasts augmented with the hierarchical common factor;
byaggr(HIE): MSFEs of forecasts obtained by aggregating sectoral forecasts augmented with the
sector-specific factors; byaggr(average): average MSFEs of forecasts obtained by aggregating sectoral
forecasts augmented with the sector-specific factors. Evaluation period: March-2001 to January-2007.

Forecasts made at the end of the month benefit from one additional observation of
survey data, that of the current month 7. As shown in Figure 3, such an effect is nearly
absent in backcasts and nowcasts while, though limited and not homogeneous across com-
peting forecasts, it has some relevance for longer horizons (see Table A.4 in the Appendix
for detailed results).
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Figure 3 - Forecasts at the end of month T *

1.4 T T
—<—— constant growth
1.3 ™ AR i
—e—— direct(HIE)
12k —<— byaggr(HIE)
’ — - — direct(average)
< byaggr(average)
1.1
1
09
0.8
0.7
T-2 T-1 T T+1 T+2 T+3 T+4 T+5 T+6

forecast period

* direct(HIE): MSFEs of direct forecasts augmented with the hierarchical common factor;
direct(average): average MSFEs of direct forecasts augmented with the hierarchical common factor;
byaggr(HIE): MSFEs of forecasts obtained by aggregating sectoral forecasts augmented with the
sector-specific factors; byaggr(average): average MSFEs of forecasts obtained by aggregating sectoral

forecasts augmented with the sector-specific factors. Evaluation period: March-2001 to January-2007.

The analysis of Figures 1 to 3 focused on the forecasts obtained using our hierarchical
indicators with particular attention to three aspects: the comparison with autoregressive
forecasts, the comparisons between direct and aggregated augmented forecasts and the
effect of data releases. The qualitative results on the ranking of these three alternative
forecast methods - autoregressive, direct augmented and aggregated augmented - for hi-
erarchical indicators hold when extended to the other survey based indicators. Such an
analysis helped us answer some of the issues that motivated this forecasting exercise: sur-
vey based indicators help forecasting the manufacturing production index especially at
longer longer horizons; the release of survey data has a limited effect on the augmented
forecasts and it is concentrated at longer horizons; aggregating sectoral forecasts always
provide better results than directly forecasting the aggregate.

Table 5 sheds light on two further issues: whether multivariate indicators should be
preferred to univariate ones and whether aggregate indicators computed using sectoral
data produce better direct forecasts than those computed using aggregate data. The Ta-
ble shows the average relative MSFEs across forecasts augmented with univariate (BEXP
and BLEV) and multivariate (ICIs, IBCIs, CHIE, SHIEs, PCIs and DGRI) indicators, and
across direct forecasts augmented with indicators computed using sectoral data (CHIE and
SHIEs, PCI and DGRI) and aggregate data (BEXP and BLEV, ICI and IBCI). Multi-
variate indicators outperform univariate ones and aggregate indicators computed using
sectoral data outperform those computed with aggregate data. This result together with
the good performance of aggregated versus direct augmented forecasts suggest that indeed
sectoral heterogeneity represents a very important source of information in survey data.
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Table 5. Characteristics of the indicators and forecasting performance*

Forecasts at the beginning of month T’

r-2 T-1 T T+1 T+2 T+3 T+4 T+5 T+6

Univariate 0.75 0.73 0.72 0.77 0.81 0.92 0.99 1.04 1.12

Multivariate 0.73 0.71 0.71 0.76 0.76 0.83 0.84 0.88 0.94

Aggregate data  0.77 0.76 0.76 0.85 0.86 0.95 1.00 1.03 1.16

Sectoral data 0.77 0.76 0.75 0.81 0.78 0.88 0.93 0.95 0.97
Forecasts in the middle of month T

T-2 T-1 T T+1 T+2 T+3 T+4 T+5 T+6

Univariate - 0.76 0.72  0.72 0.81 0.82 0.96 1.02 1.09
Multivariate - 0.75 0.72  0.73 0.80 0.77 0.84 0.89 0.95
Aggregate data - 0.79 0.75  0.78 0.87 0.86 0.98 1.03 1.13
Sectoral data - 0.79 0.77 0.77 0.85 0.80 0.91 0.96 1.01

Forecasts at the end of month T

r-2 T-1 T T+1 T+2 T+3 T+4 T+5 T+6

Univariate - 0.76 0.72 0.73 0.78 0.80 0.94 0.97 1.03
Multivariate - 0.76 0.71 0.73 0.76 0.76 0.82 0.83 0.89
Aggregate data - 0.82 0.74 0.77 0.84 0.85 0.94 0.98 1.05
Sectoral data - 0.79 0.76 0.78 0.81 0.78 0.88 0.90 0.95

* Average relative MSFEs. Univariate: direct and aggregated forecasts augmented with univariate
indicators (aggregate and sectoral BEXPs and BLEVs); Multivariate: direct and aggregated forecasts
augmented with multivariate indicators (aggregate and sectoral ICIs, aggregate and sectoral IBCIs, CHIE,
SHIEs, PCI, DGRI); Aggregate data: direct forecasts augmented with indicators based on aggregate
survey data (aggregate BEXP and BLEV, aggregate ICI, aggregate IBCI); Sectoral data: direct forecasts
augmented with indicators based on sectoral survey data (PCI, DGRI and CHIE).

Evaluation period: March-2001 to January-2007.

6 Conclusions

This paper investigates the finite sample properties of three alternative estimators of the
common factors when the data has a block structure. It shows that in finite samples ex-
plicitly modeling the block structure of the data can improve the quality of the estimates
of the common factors with respect to principal components and quasi maximum likeli-
hood. How large n has to be to make the three estimators equivalent in terms of efficiency
crucially depends on the size of the blocks: the larger the higher n has to be to make
quasi maximum likelihood principal components as precise as exact maximum likelihood.
On the other hand, it is shown that erroneously fitting a hierarchical factor model when
the data does not have a block structure does not significantly worsen the quality of the
estimates.

A further contribution of the paper consists of providing a comparative evaluation of
the forecasting performance of business survey based indicators. The forecast exercise,
performed on rolling windows of ten years, reaches the following conclusions: the out of
sample informational content of survey data increases with the forecast horizon; the re-
lease of new survey data has a minor effect on the performance of augmented forecasts;
at all forecast horizons, aggregating sectoral forecasts provide better results than directly
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forecasting the aggregate; multivariate survey based indicators perform better than uni-
variate ones and, finally, indicators computed using sectoral data perform better than
those obtained using aggregate data.

The analysis in the paper suggested several directions for further research in the field,
some of which are already in our current research agenda.
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A Appendix

A.1 Sectoral disaggregation
Table A.1 - NACE.Revl.1 subsections

Code description

DA Food products, beverages and tobacco

DB Textiles and textile products

DC Leather and leather products

DD Wood and products of wood and cork (except furniture);
articles of straw and plaiting materials

DE Pulp, paper and paper products; recorded media; printing services

DF Coke, refined petroleum products and nuclear fuel

DG Chemicals, chemical products and man-made fibres

DH Rubber and plastic products

DI Other non metallic mineral products

DJ Basic metals and fabricated metal products

DK Machinery and equipment n.e.c.

DL Electrical and optical equipment

DM Transport equipment

DN Other manufactured goods n.e.c.
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A.2 Forecast results

Table A.2 - Forecasts at the beginning of month 7" *

Non augmented forecasts

T-2 T-1 T T+1 T+2 T+3 TH+4 TH+5 T+6

constant growth (MSFE) | 22.89 21.32 2232 2243 2250 22.81 22.57 22.57 22.89
AR 0.70 0.72 0.70 0.86 0.90 1.01 1.13 1.22 1.23

Direct augmented forecasts

T-2 T-1 T T+1 TH+2 T+3 T+4 TH+5 T+6

BEXP 0.74 0.75 0.75 0.89 0.91 1.09 1.24 1.30 1.36
BLEV 0.87 0.82 0.79 0.80 0.84 0.94 0.98 1.00 1.12
ICI 0.72 0.73 0.74 087 0.87 0.94 0.90 0.91 1.03
IBCI 0.75 0.74  0.76 0.84 0.82 0.82 0.88 0.91 1.14
CHIE 0.73 0.75 0.74 087 0.80 0.88 0.91 0.97 0.98
PCI 0.81 0.76 0.75 0.80 0.79 0.87 0.92 0.91 0.95
DGRI 0.78 0.76 0.75 0.77 0.75 0.90 0.96 0.96 0.97

Aggregated augmented forecasts

T-2 T-1 T T+1 T+2 T+3 TH+4 TH+5 T+6

BEXPs 0.67 0.68 0.66 0.72 0.77 0.88 0.94 0.99 1.02
BLEVs 0.70 0.68 0.68 0.68 0.71 0.78 0.78 0.86 0.99
ICIs 0.68 0.67 067 0.71 0.75 0.79 0.75 0.80 0.80
IBCIs 0.78 0.68 0.68 0.68 0.68 0.71 0.72 0.79 0.78
HIEs 0.61 0.66 0.66 0.66 0.68 0.74 0.72 0.80 0.80

* Relative MSFE. Evaluation period: March-2001 to January-2007.
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Table A.3 - Forecasts in the middle of month 7" *

Non augmented forecasts

T-2 T-1 T T+1 T+2 T+3 T+4 TH+5 T+6

constant growth (MSFE) - 21.24 2220 2225 2241 22.68 2247 2249 2214
AR - 0.71 0.68 0.70 0.85 0.90 1.04 1.16 1.26

Direct augmented forecasts

T-2 T-1 T T+1 TH+2 T+3 TH+4 TH+5 T+6

BEXP - 0.77  0.73 0.79 0.91 0.92 1.15 1.23 1.35
BLEV - 0.86 0.77  0.76 0.85 0.84 0.96 1.02 1.10
ICI - 0.75 0.73 0.83 0.89 0.85 0.92 0.96 1.08
IBCI - 0.77  0.76 0.74 0.84 0.84 0.87 0.92 0.99
CHIE - 0.75 0.77 083 0.88 0.80 0.89 0.96 1.07
PCI - 0.81 0.76 0.74 0.83 0.77 0.91 0.94 0.98
DGRI - 0.82 0.77  0.75 0.83 0.84 0.94 0.99 0.98

Aggregated augmented forecasts

T-2 T-1 T T+1 T+2 T+3 T+4 T+5 T+6

BEXPs - 0.68 0.67  0.67 0.75 0.80 0.95 0.98 0.95
BLEVs - 0.68 0.69 0.64 0.74 0.70 0.77 0.85 0.95
ICIs - 0.67  0.68 0.67 0.73 0.73 0.82 0.82 0.82
IBCIs - 0.68 0.66 0.69 0.74 0.69 0.72 0.77 0.81
HIEs - 0.66 0.63 0.68 0.75 0.70 0.75 0.78 0.85

* Relative MSFE. Evaluation period: March-2001 to January-2007.
Table A.4 - Forecasts at the end of month 7" *

Non augmented forecasts

T-2 T-1 T T+1 TH+2 T+3 TH+4 TH+5 T+6

constant growth (MSFE) - 21.24 2220 2225 2241 22.68 2247 2249 2214
AR - 0.71 0.68 0.70 0.85 0.90 1.04 1.16 1.26

Direct augmented forecasts

T-2 T-1 T T+1 T+4+2 T+3 T+4 TH+5 T+6

BEXP - 0.77  0.73 0.77 0.91 0.88 1.11 1.17 1.28
BLEV - 0.86 0.80 0.78 0.80 0.84 0.94 0.96 1.02
ICI - 0.75 0.71 0.76 0.87 0.85 0.90 0.91 0.98
IBCI - 0.76 0.72 0.76 0.77 0.83 0.82 0.87 0.93
CHIE - 0.75 0.73 0.82 0.87 0.80 0.89 0.89 0.97
PCI - 0.81 0.77  0.77 0.79 0.78 0.87 0.89 0.92
DGRI - 0.80  0.79 0.76 0.76 0.75 0.89 0.92 0.96

Aggregated augmented forecasts

T-2 T-1 T T+1 TH+2 T+3 TH+4 TH+5 T+6

BEXPs - 0.69 0.67  0.67 0.72 0.77 0.92 0.95 0.97
BLEVs - 0.72 0.68 0.69 0.69 0.71 0.79 0.78 0.86
ICIs - 0.72 0.65 0.69 0.72 0.74 0.81 0.77 0.79
IBCIs - 0.72 0.69 0.69 0.70 0.69 0.71 0.70 0.77
HIEs - 0.68 0.64  0.67 0.69 0.68 0.73 0.71 0.79

* Relative MSFE. Evaluation period: March-2001 to January-2007.
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