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A comparison between time series

and survey estimates
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Marco Malgarini and Antonio Paradiso*

The aim of this paper is to provide an interpretation of the measure of capacity
utilisation provided by the European Union harmonised survey on the Italian
manufacturing sector. In doing so, we evaluate its ability to correctly track cyclical
turning points and its contribution in explaining consumer price index (CPI)
inflation. The survey based measure results are a good co-incident indicator of
business cycle, however it is generally outperformed by time series models in
explaining inflation. We conclude that the standard “output gap” interpretation of
the survey results is broadly confirmed by the data, however we cannot rule out at
this stage that survey respondents may also consider the alternative “variable
capacity utilisation” concept in answering the survey question.
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MEASURING CAPACITY UTILISATION IN THE ITALIAN MANUFACTURING SECTOR.. ..

1. Introduction

Capacity utilisation plays an important role in the evaluation of economic activity,
contributing to the explanation of the behaviour of investment, inflation, productivity,
profits and output (see for example, Abel, 1981; Greenwood et al., 1988; Corrado and Mattey,
1997; Jorgensen et al., 2009). However, an official statistical measure of capacity utilisation
does not exist. For the manufacturing sector, it is normally obtained from firm-level
surveys where firms are asked to indicate their current operating rate. Alternatively,
measures of capacity utilisation may be derived using time series methods. The latter
option has the advantages of being free to generate, easily reproducible and consistently
measured over time.

The aim of this paper is to discuss the empirical properties of the survey measure of
capacity utilisation realised for Italy by ISTAT in the framework of the European Union (EU)-
harmonised business surveys project, and to compare these properties with those
obtainable from time series estimates in order to obtain an economic interpretation of the
meaning of the survey measure. Various methods to estimate capacity are discussed in
Section 2, while Section 3.1 checks for their ability to correctly gauge cyclical turning points
and their explicative power with respect to consumer inflation.! Indeed, the most used
method to evaluate the explicative power of capacity consists of estimating a single
equation in which capital utilisation is considered as exogenous (see for example
McElhattan, 1985; Garner, 1994). Treating capacity as exogenous may however, be incorrect.
In fact, a change in price inflation is also likely to affect capacity utilisation, especially in
the case of supply shocks. Therefore, a single equation does not provide an adequate
framework for analysing how changes in capital utilisation affect price inflation and a
vector autoregression (VAR) approach appears more appropriate. The VAR approach is
implemented in Section 3.2, where different VARs are estimated up to the fourth quarter of
2007 and inflation forecasts are produced for the eight quarters ahead. Results show that
the survey-based measure of capacity utilisation is a broadly co-incident indicator of the
business cycle. However, time series measures generally outperform it in explaining
inflation during the latest recession.

The paper is organised as follows: Section 2 presents various methods used for
estimating the capacity utilisation (survey, unobserved component model, Shaikh-Moudud
co-integration method); Section 3 compares the various measures of capacity utilisation
through their capacity in tracking the business cycle phases and in explaining consumer
price inflation; and, Section 4 concludes.

2. Methods for estimating capacity utilisation
2.1. The survey method

The EU-harmonised survey on the manufacturing sector includes, on a quarterly
basis, a question on the level of capacity utilisation currently experienced by the firm. In
Italy, the survey has been historically performed by Institute for Short-Term Economic
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MEASURING CAPACITY UTILISATION IN THE ITALIAN MANUFACTURING SECTOR . . .

Studies (ISCO) and Institute for Studies and Economic Analyses (ISAE) and is now
administered by National Institute for Statistics (ISTAT).? In the current version of the
questionnaire,? the exact wording of the question is as follows:

“What is your current rate of capacity utilisation (in % of full capacity)?”

Individual data is progressively aggregated to obtain sample averages using
information on firm dimension and the relative economic importance of each industry
branch as weights.

The standard interpretation of capacity utilisation is that it measures how close the
manufacturing sector is to full capacity. In this sense, it is considered as an approximation
of the “output gap” concept currently used in business cycle analysis and in standard new-
Keynesian macro-models. In this sense, capacity utilisation is defined as the ratio among
actual and potential output:

cau=""L"100 (1)
cap
where cu = capacity utilisation; IP = industrial production index; cap = capacity index or
potential output.

An alternative view is that of the so-called “variable capacity utilisation” approach,
where the current level of capacity is derived as the solution of an optimisation problem,
given the expected marginal benefit of raising utilisation and its associated expected
marginal cost. In this case, capacity is not necessarily varying across the business cycle, but
as a result of profit maximisation strategies.*

In (1), the numerator is easily observable, while potential output may be estimated on
the basis of some hypothesis on the technology in use, or more generally making use of
time series methods. Hence, estimates on cu depend upon the assumptions made about
the denominator in (1). Indeed, potential output is a vague and hard-to-measure concept,
which varies over time and according to general economic conditions. In a strict sense, the
term refers to the sustainable maximum output that could be produced by an existing
(installed) manufacturing plant and machinery. However, sometimes other factors such as
labour are taken into account (Johansen, 1968). Measures of capacity utilisation consistent
with the output gap interpretation may be derived using time series methods.

2.1.1. Unobserved component method

Time series methods may be used to estimate potential output and then derive a
measure of capacity utilisation on the basis of equation (1). In fact, industrial production,
as any other observable time series, can be decomposed in two or more components that
are not directly observable, such as the trend, the seasonal component and the cycle. The
basic idea is that the unobservable components can be identified by assuming that they
affect the variable that can be observed. In addition, the underlying processes behind the
unobservable variables have to be specified. After the model has been specified, both the
unobservable and the observable variables may be estimated with maximum likelihood
methods using the Kalman filter. In the following, we will estimate two different classes of
unobserved component models for the industrial production index, alternatively assuming
that the unobserved components are autonomously identified (univariate model) or that
other variables exist which are potentially correlated with industrial production (bivariate
and trivariate models).
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MEASURING CAPACITY UTILISATION IN THE ITALIAN MANUFACTURING SECTOR.. ..

2.2. Univariate unobserved component method

The univariate model is based on a simple trend-cycle decomposition of log of
industrial production index:

IP, =T, +C, +&:,e ~ NID (0,6?) (2)

where T, represents the trend, C; the cycle, and ¢; the irregular component. The stochastic
trend component is specified as:
Tt = Te—1 +Peog + M, Me ~ NID (O, Gtz)

Bt +Be-1 +&;, G ~NID (O; Gtz)
where B is the slope of the trend T;. The irregular ¢, the level disturbance n; and the slope
disturbance ¢; are mutually uncorrelated.

(3)

The cycle C; has the following specification:

C A ink; |[Ce- k
e oot sinh Gl TR @
C: —sink; cosh; || Ciy k:
where pc is a damping factor; 0 < 2 < is the frequency of the cycle in radiants; k; and k;"

are two mutually uncorrelated NID disturbances with zero mean and common variance
o2 . The period of cycle is equal to 2n/xj.5

Details on estimated output are reported in Table 1. The diagnostic checking rejects
the presence of serial correlation, heteroskedasticity and non-normality.

Table 1. Univariate unobserved component model for log IP
(industrial production): Main results

IP

Level 4.48 (0.00)
Slope -0.01 (0.03)
Cycle component 0.076

Residual tests

Normality 4.49

DW 1.96

H(64) 0.82

Q(17,12) 12.37

R? 0.49

Notes: Sample period 19609q1-2009g4. Outliers relative to 196994, 197294, 197393, 197494, 200991 were added in the
estimation. The P-values are in parenthesis. The normality test statistic is the Bowman-Shenton statistic having a
Chi-square distribution with two degrees of freedom under the null hypothesis of normally distributed errors. We
reject the null if the calculated probability exceeds the tabulated ones equal to 5.99 at 5% significance level and 9.21%
at 1% significance level. H(h) is the heteroskedasticity test statistics distributed as a F(h,h) with (h,h) degrees of
freedom. Under the null of no heteroskedasticity and for h = 64, the 5% critical value is 1.51. DW is the classical
Durbin-Watson test. Q(P,d) is the Ljung Box statistics based on the sum of the first P autocorrelations and it is tested
against a Chi-Square distribution with d degrees of freedom. The null hypothesis of no autocorrelation is tested
against the alternative of autocorrelation. The critical value for 12 degrees of freedom is 21.03 at 5% significance level.

2.3. Multivariate unobserved component methods

The univariate model can be extended to include other variables that are assumed to
contain information about the potential industrial production; in the following,
information about unemployment, gross domestic product (GDP) and CPI inflation is
included in addition to industrial production (IP) resulting in four different models:

1. bivariate model considering the relationship between IP and inflation;
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MEASURING CAPACITY UTILISATION IN THE ITALIAN MANUFACTURING SECTOR . . .

2. a bivariate model considering the relationship between IP and the unemployment rate;
3. a bivariate model considering the relationship between IP and GDP; and,
4. a trivariate model considering the relationship among IP, GDP, and unemployment rate.

All the variables are considered in terms of logarithms, with the only exception of the
CPl inflation. The estimation results are reported in Table 2. In all models, the variables are
modelled jointly, where the stochastic trends are independent of each other and the
stochastic cycles are modelled as similar cycles (for details, see Harvey, 1989). In Model 1,
inflation is modelled as a local level model as suggested by Cogley et al. (2010). Inflation is
seasonally unadjusted and for this reason, a seasonal component is included in the
estimates.® In models 2 and 4, the unemployment rate is expressed in log as suggested by
Chen and Mills (2009). Five dummies, all concentrated in the 60s, are also added to the
unemployment equation due to important changes which occurred in the Italian labour
market (Modigliani et al., 1986); however, starting the estimation in the first quarter of 1970
does not significantly alter the results. Various dummies are also added to the IP equations
in order to account for possible outliers.”

Table 2. Multivariate unobserved component models for log IP

Mult 1 Mult 2 Mult 3 Mult 4
Model
P INFL IP Unem IP GDP IP UNEM GDP
Level 452 1.34 453 2.12 4.47 14.02 4.52 14.05 1.99
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Slope -0.01 - -0.01 0.02 -0.02 -0.01 -0.01 -0.001 0.02
(0.07) (0.04) (0.05) (0.01) (0.05) (0.02) (0.36) (0.08)
Seasonal Chi*2 test - 5.38 - - - - - - -
(0.11)
Cycle component 0.099 0.96 0.11 0.049 0.068 0.024 0.094 0.034 0.065
Residual tests
Normality 3.61 15.96 6.1 5.28 5.24 3.31 8.35 2.69 42.66
DW?2 2.07 2.03 1.98 1.97 1.99 1.87 2.07 1.88 2.05
H3 0.69 0.23 0.55 0.25 0.64 0.37 0.62 0.35 0.21
Q(p12)* 10.05 13.85 13.89 20.25 10.31 15.34 8.42 11.82 13.79
R? 0.54 0.49 0.56 0.61 0.52 0.52 0.56 0.57 0.51

Notes: Sample period 1960q1-2009g4.

The P-values are in parenthesis.

1. Bowman-Shenton statistic, Chi-square (2). We reject the null if the calculated probability exceeds the tabulated
ones equal to 5.99 at 5% significance level and 9.21% at 1% significance level.

2. Durbin-Watson test.

3. H(h)is the heteroskedasticity test statistics distributed as a F(h,h) with (h,h) degrees of freedom. H = 62 (model 1, 3 and
4 and H = 61 (model 2). Under the null of no heteroskedasticity the 5% critical value is 1.52 and for h = 62 and 1.53
forh=61.

4. Ljung Box statistics based on the sum of the first P autocorrelations and it is tested against a Chi-square (12). The
critical value for 12 degrees of freedom is 21.03 at 5% significance level.

The diagnostic checking for Mult2 and Mult3 models are all satisfactory. Mult1 rejects
the presence of serial correlation, heteroskedasticity and non-normality for the industrial
production equation. Although dummy variables are used to pick up major outliers in the
inflation series, normality is still rejected for the inflation residuals; given the erratic
movements of inflation in the 1970s and the subsequent sharp fall in the early 1980s, this
is not surprising. The diagnostic tests on residuals of Mult4 model are satisfactory for all
equations except for the unemployment rate where residuals are non-normal even if
several dummies are applied.?
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2.4. Shaikh-Moudud (SM) co-integration method

An alternative way to estimate potential output is to use the co-integration approach
introduced by Shaikh and Moudud (2004). The essential idea is that capacity co-varies with
the capital stock® over the long run, making co-integration the natural tool for measuring
capacity. The Shaikh-Moudud framework consists of an identity and two behavioural
equations. The identity can be stated as Y; = (Y/Y") - (Y/K) - K, where Y = output of
manufacturing firms, Y* = potential output, K = capital stock of manufacturing firms. If we
now define v = (K/Y"), and cu = capacity utilisation rate = (Y/Y"), then:

log(Y:) = log (K. )—1log (v;)+log (cu) (%)

The IP index (Y) and capital stock (K) are observed variables, but to turn the previous
identity into a model we need to specify capacity utilisation (cu) and capital to capacity
ratio (v). As for the first point, Shaikh-Moudud assumes that Y fluctuates around capacity
over the long run, so that the actual cu fluctuates around some desired or normal rate of
capacity utilisation. This means that manufacturing firms are able to maintain some
correspondence between manufacturing capacity and actual production. In log terms, this
implies that:

10g (Cu) = €auy (6)

where e,  is a random error term.°

Moreover, Shaikh-Moudud assume that the capital-capacity ratio (v) changes over
time, in response to autonomous (co-efficient b;) and embodied technical change; the
latter in turn depends on the rate of capital accumulation (co-efficient b,). Letting
g, = growth rate of the capital capacity ratio v and gx = growth rate of the capital stock K,
we have g, = by +b; . gk. In log terms, with an added random error term ey, this leads to the
following equation:

log(v;)=bo +b;-t+b,-t> +bs-log(K;)+ey, )

where it is assumed that an autonomous technical change follows a quadratic trend.
Equations (5)—(7) form a general model of the relationship among industrial production and
the capital stock, given technical change and fluctuating capacity utilisation. We expect
that b3 > 0 and that by > 0, b, < 0. These last two signs indicate that in the last 30 years Italy
is growing at decreasing rates accordingly with Paradiso and Rao (2011). Combining (5), (6)
and (7), we obtain the following estimable equation:

log(Y:)=ao+a;-t+a, t*+as-log(K)+e, ®)

where ag = -bg, a; = -bq, ap = -by, az = 1 b3, and error term e = e, ; -, , where the
assumption is that the error terms are independent from each other.

Equation (8) implies that log Y and log K are co-integrated, up to a linear and quadratic
deterministic trend in the data. The estimation output obtained is reported in Table 3. The
diagnostic augmented Dickey-Fuller test (ADF) on residuals is satisfactory.
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Table 3. Estimation result of the long run relationship

Sample period ag a4 a a3
1970q1-2009q4 1.97 0.01 —4.40E-05 0.35

(1.45) (5.72) (6.67) (2.89)
Residual ADF t-test —4.51%**

Note: Y = Value added of manufacturing firms (annual data, source EUKLEMS updated with ISTAT dataset); K = Capital
stock of manufacturing firms (annual data, source EUKLEMS updated with ISTAT dataset). The data is transformed
into a quarterly frequency using the method proposed in Fernandez (1981).

The methodology used is the Engle and Granger approach. This approach consists of estimating a long-run
relationship [i.e.,, equation (4)] and making an ADF t-test on residuals. For the residual ADF t-test, the lag length is

*

chosen by SIC criteria. Critical values for test are suggested by MacKinnon (1991). Symbols *, **, ***represents,
respectively, significance level of 10%, 5%, and 1% of residual ADF t-test. The reported t-statistics (in parenthesis) are
corrected for bias stemming from serial correlation and heteroskedasticity (HAC) by the Newey-West procedure.

3. Interpreting the survey measure of capacity utilisation

Time series measures of capacity utilisation are derived under the “output gap”
assumption. Therefore, if the survey-based measure is found to be consistent with its time-
series counterparts and the business cycle, then answers provided by firms may be
interpreted as an approximation of the output gap faced at the firm level. On the other
hand, if time series and survey based measures are found to be significantly apart from
each other, then it is well possible that the concept firms have in mind answering the
survey question is different from the standard output gap assumption, possibly influenced
by the optimisation process set in the “variable capacity utilisation” approach. In this
respect, Figure 1 plots the various measures obtained in Section 2 in order to have a first
visual appraisement of the difference existing between the various results. All the series
show a similar pattern, even if in some cases downturn or upturn phases are under or over-
emphasised; these characteristics reflect to a certain extent, the properties of the
individual methods. For example, univariate and multivariate methods show that the
trough reached in the current recession is roughly in line with that of 1975, whereas the
other methods pose more emphasis on the recent recession.

3.1. Figure 2.3.1 Business cycle dating

In Table 4 we report the leads or lags turning points that capacity utilisation measures
exhibit with respect to the benchmark business cycle dating for the Italian industry.
Peaks and troughs for the capacity utilisation series are identified by means of the Bry-
Boschan-Harding-Pagan algorithm (Harding and Pagan, 2002). The output of the algorithm
has not been taken at face value; in some cases it did not detect turning points that were
instead evident from a visual inspection. In these cases the output is adjusted to consider
these points.'?

The univariate and bivariate IP-GDP methods correctly pick up all the turning points,
although with some leads or lags in correspondence of some turning points. The others
miss one turning point: three methods (A, D and G) miss the peak in the first quarter of
1992, whereas the ISAE survey method (G) misses the peak in the third quarter of 1974. All
capacity utilisation measures identify extra cycles: univariate series identifies more
additional extra cycles with respect to the others (n = 8). As for the values of capacity
utilisation in correspondence of various peaks, it is interesting to note that only for
bivariate IP-UR, trivariate, and Shaikh-Moudud methods are the highest values of capacity
utilisation reached in the third quarter of 2007.
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Figure 1. Capacity utilisation, all methods
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el for industrial production; Multl = Bivariate model for industrial production and inflation;

Mult2 = Bivariate model for industrial production and unemployment rate; Mult3 = Bivariate model for industrial production and
GDP; Mult4 = Bivariate model for industrial production, unemployment rate and GDP; Mult5 = Shaikh-Moudud co-integration
method; ISAE = ISAE measure of capacity utilisation. All series are represented on the left axis, except for ISAE, which is represented

on the right axis.

12

Table 5 provides additional information on how well the competing capacity
utilisation measures track economic fluctuations, focussing in particular on the
timelessness of the detection. The empirical evidence suggests that, on average, the
univariate series outperforms the others: the mean bias is zero. The trivariate and bivariate
IP-UR estimates also show very good tracking properties. The Shaikh-Moudud estimate
tends to be lagging at peaks, whereas the survey series tends to be on average a co-incident
indicator of the reference cycle, albeit slightly lagging at troughs.

In what follows, we focus on the main economic recessions of the last 40 years: 1980-83
(caused by the 1979 energy crisis); 2001-03 (caused by the dot-com bubble); and, 2007-ongoing
recession (caused by many factors, including the subprime mortgage crisis and the sharp
rise in oil and food prices). Figure 2 makes a comparison between the recessions (in length
and amplitude) of various capacity utilisation paths during these phases. In other words,
we compare the various recession phases in terms of duration and amplitude. As always,
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Table 4. Turning point analysis: Leads (-) and lags (+) with respect
to the growth-cycle reference dating

Method Trough Peak Trough Peak Trough Peak Trough Peak

Growth cycle reference 19712 197493 197593 197604 197794 198192  1983g3  1985q1
198503 1989g4 19913  1992¢q1  1993q3 199503  1996q4  1997q4
199894 2000g4  2001g4  2003q1  2005q1 200793 200992

A Univariate UC model -2 0 0 0 1 0 1 0

(97.78) (107.78)** (91.77)**  (106.28) (97.05)  (103.35) (97.16)  (101.53)

B Bivariate IP-INFL UC model -2 0 0 -1 1 0 1 -
(94.55) (109.52) (90.24)  (105.75) (95.07) (109.85)** (94.55)

C Bivariate IP-UR UC model -2 -1 0 0 1 0 1 -
(95.47) (108.26) (89) (104.67) (96.46)  (108.15) (93.69)

D Bivariate IP-GDP UC model -2 -1 0 -1 0 -1 1 0

(96.88) (108.68)** (90.72) (107.52) (96.86)  (103.79) (95.95) (102.17)

E Trivariate IP-GDP-UR UC model -2* -1 0 0 0 0 1 -
(96.27) (108.79) (88.22) (104.1) (95.43)  (109.08) (92.26)

F Shaikh-Moudud (SM) method -2 2 1 0 1 1 1 1

(96.69) (107.37 (91.84) (104.47) (100.15)  (108.14) (93.9) (100.18)

G ISAE survey 1 - 2 -1 0 -1 1

(75) (68) (75.6) (71.5) (77.7) (70.3) (75.5)

Number of

Method Trough Peak Trough Peak Trough Peak Trough

extra cycles

Growth cycle reference dating 199393 199504 199694 200094  2003q2 200793  2009q2

A Univariate UC model 0 —2 0 0 0 2 0 8
(96.87) (102.66)  (97.02) (102.68)  (99.87)  (105.98)  (90.79)
B Bivariate IP-INFL UC model 0 0 0 0 1 2 0 6
(94.14)  (103.36) (96.8) (104.31)  (97.76)  (109.24)  (87.26)
C Bivariate IP-UR UC model 0 0 0 0 1 1 0 6
(92.96) (103.73)  (97.99) (104.49)  (97.44) (108.87)**  (86.67)
D Bivariate IP-GDP UC model 0 -3 0 0 0 3 -1 6
(96.49) (102.77) (96.6)  (103.1)  (99.18)  (105.81)  (89.57)
E Trivariate IP-GDP-UR UC model 0 0 0 0 1 2 0 6
(91.65) (102.99)  (97.53) (105.98)  (97.28) (109.08)**  (87.29)
F Shaikh-Moudud (SM) method 1 0 0 1 0 3 - 6
(95.12)  (103.93) (101.63) (102.97)  (97.23) (109.14)**
G ISAE survey 0 -1 1 0 -1 1* 4
(71.6) (79.1) (74.5)  (79.1)** (75.4) (78.9) (64.6)

Notes: * Indicates the lead or lag (with respect to the reference dating) of capacity utilisation that is not classified as
such by the Bry-Boschan algorithm but are evident on visual inspection; In parenthesis are the values of capacity
utilisation in correspondence of peaks and troughs; * indicates the maximum value of capacity utilisation observed
in correspondence of peaks.

Table 5. Average lags of the various capacity utilisation measures

Average Lag at

Method

Peaks Troughs All
Univariate UC model 0 0 0
Bivariate IP-INFL UC model +0.17 +0.12 +0.14
Bivariate IP-UR UC model 0 +0.12 +0.07
Bivariate IP-GDP UC model -0.43 -0.12 -0.33
Trivariate IP-GDP-UR UC model +0.17 0 +0.07
Shaikh-Moudud (SM) method +1.14 +0.29 +0.71
ISAE survey -0.33 +0.5 +0.14

Note: A positive (negative) sign indicate a lag (lead).
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all the results are compared with the survey based capacity utilisation. In all measures
used, the last cycle is characterised by the most severe recession. The survey capacity
utilisation shows a recession duration of basically the same size of previous recessions.
Referring to this last measure, it is interesting to note that up until seven quarters, the
recession is of the same amplitude of the others and only after this point is there a severe
slump in capacity utilisation.

3.2. Inflation and predictive power of capacity utilisation

So far, we have compared the properties of the different capacity utilisation measures
with respect to the growth cycle dating. An alternative approach is to test to what extent
capacity utilisation contributes to explain consumer price inflation. The most used
method consists of estimating a single equation in which capacity utilisation is assumed
to be an exogenous variable that explains inflation rate. We guess that bidirectional
causality between capital utilisation and inflation rate is more consistent with the
economic theory.

The linkage between these two variables can be understood using the familiar
aggregate demand-aggregate supply (AD-AS) framework. A positive shift in aggregate
demand will initially cause output and capacity utilisation to rise. As time passes, prices
will begin to adjust and inflation will rise. As a consequence of rising prices, output and
capacity utilisation rates will fall back to their initial levels and inflation will shrink.’> A
shift in aggregate supply affecting prices positively will lead to a reduction in output and in
capacity utilisation. However, reductions in output and capacity utilisation will constrain
price dynamics, and consequently lead to output reduction. In the long run, no additional
capacity will be built up, and we expect that capacity and actual output will move in a way
that the capacity utilisation rate will return to its initial value.

This discussion suggests that a positive demand shock will cause a temporary positive
effect on capacity utilisation and inflation; whereas a negative supply shock (for example
a rise in oil price) will determine a temporary positive effect on inflation and a temporary
negative effect on capacity utilisation.

VAR and associated impulse response functions are used to study the interaction of
different measures of capacity utilisation and inflation. The standard form of the VAR

model is:
C K C
T || %o +2Ak Tek | |6 €)
CUy oo - CUt_g €t
where =€ is the cyclical component of the inflation'* (since that = is 1(1)!°) and cu is the

capacity utilisation. e;  and e,  are errors terms which are composed of the structural
innovations (that is, demand and supply shocks).

The theory does not specify a time frame for the relationship between cu and =, so we
let the data determine the number k of quarters lags to include. Specifically, we set k basing
on the Schwartz Information Criteria (SIC).'® On the basis of the VAR model, we employ the
impulse response functions to illustrate how the two endogenous variables relate to each
other over time. The identification of demand and supply shocks is achieved by assuming
delayed impacts of demand shock on inflation, i.e. a Cholesky economy.?’ All the capacity
utilisation measures exhibit an impulse response function in accordance with the
theoretical considerations except for univariate and bivariate IP-GDP measures: the
response of the capacity utilisation to a supply shock is positive for the most part of
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period.'® For conserving space we do not report the results, but these are available upon
request from the authors.

The last important test is the out-of-sample forecasting performance of inflation. We
have estimated each model for the period from the first quarter of 1970 to the fourth
quarter of 2007. These estimates are used to predict the observations for the period from
the first quarter of 2008 to the fourth quarter of 2009 (the period of current recession).
These forecasts are compared with the actual values. The results are reported in Table 6.

Table 6. Out-of-sample performance of various capacity utilisation measures

MAPE RMSPE % CDCP

Univariate UC
Capacity utilis. 4.39 0.47 86
Inflation (cycle component) 48.37 6.03 100
Bivariate IP-INFL
Capacity utilis. 6.93 0.77 100
Inflation (cycle component) 74.51 12.61 86
Bivariate [P-GDP
Capacity utilis. 5.63 0.61 7
Inflation (cycle component) 30.70 417 86
Bivariate IP-UR
Capacity utilis. 6.21 0.78 71
Inflation (cycle component) 195.89 32.13 86
Trivariate IP-GDP-UR
Capacity utilis. 7.4 0.82 100
Inflation (cycle component) 41.37 6.09 100
Shaikh-Moudud (SM)
Capacity utilis. 7.74 0.94 86
Inflation (cycle component) 76.12 10.91 86
ISAE survey
Capacity utilis. 7.1 1.03 100
Inflation (cycle component) 80.27 9.2 100

1 n |A -F . .
Note: MAPE (Mean Absolute Percentage Error) = {nt 21 ;tt]qoa where A is the actual value and F; is the

forecast value. The difference between A; and F; is divided by the actual value A, again. The absolute value of this
calculation is summed for every fitted or forecast point in time and divided again by the number of fitted points n.
This makes it a percentage error so one can compare the error of fitted time series that differ in level.

2
RMSPE (Root Mean Square Percentage Error) = 1 zﬂ“[Az -k ) .100

n
t=1

A

n
% CDCP (Correct Direction Change Predictions) = let .100, where Hy = 1if (Awq — At)- (Fi1 —R) >0, otherwise
n
t=1

H, = 0. This indicator measures the ability of the model to predict direction changes irrespective of the forecast error
magnitude.

The forecasts accuracy indexes show that, in general (with the exception of the
bivariate IP-UR capacity utilisation estimation), survey based capacity utilisation exhibits a
root mean square percentage error in line with that obtained using time series capacity
utilisation measures. However, in some cases time series methods outperform the survey.
Overall, the trivariate capacity utilisation estimation has stronger predictive power for the
inflation rate.

16 OECD JOURNAL: JOURNAL OF BUSINESS CYCLE MEASUREMENT AND ANALYSIS - VOLUME 2012/2 © OECD 2013



MEASURING CAPACITY UTILISATION IN THE ITALIAN MANUFACTURING SECTOR . . .

4. Conclusions

This paper provides an interpretation for the capacity utilisation measure obtained
from the EU-hamonised survey on the Italian manufacturing sector. From a turning point
analysis of the last 40 years, it emerges that the measure obtained from the survey is a
broadly co-incident indicator of the Italian business cycle, providing results similar to
those obtained with time-series methods used to calculate potential output. In this sense,
results are consistent with the standard “output gap” interpretation of the survey question.
However if the output gap interpretation is correct, capacity utilisation should also show
good explanatory properties with respect to consumer price inflation. In this sense, the
survey measure has performed rather poorly, possibly hinting to different interpretation of
the question on behalf of survey respondents. A possibility is that they derive their level of
capacity utilisation as a result of an optimisation problem as in Christiano, Eichenbaum
and Evans (2005). Further research is needed to more properly assess the relationship
among the survey measures of capacity utilisation and the variable utilisation concept
used in the literature. For the time being, our conclusion is that the survey results may be
easily interpreted as a measure of the output gap, even if we cannot rule out the possibility
that firms are also considering profits and costs behaviour in setting their level of capacity
utilisation over time.

Notes

1. One of the basic propositions in macroeconomics is that inflation accelerates as capacity
utilisation moves higher. For empirical studies which examine this evidence see McElhattan (1985),
Garner (1994), and Emery and Chih-Ping Chang (1997).

2. Starting from 1 January 2011, ISTAT took all the functions previously exerted by ISAE including the
realisation of business and consumers surveys.

3. More information on the harmonised project may be found here: http://ec.europa.eu/economy_finance /
db_indicators/surveys/index_en.htm.

4. See Smets and Wouters (2007); Christiano, Eichenbaum and Evans (2005).

5. The decomposition presented above (local linear trend, stationary trigonometric cycle and an
irregular component) is the same applied by Harvey (1989) to the GDP analysis.

6. The seasonal component is estimated as a trigonometric form (see Harvey (1989) for further

[s/2]

details) and is given by - I where v, is the seasonal component and each y; ; is generated by
j=
7.t 4 sing, |7t | | D
oS4 s j=lu[s/2]
* |=| O I R o
V. —sin4.  cos4. |y @ t=1..
it 4 T Jst

where y; = 2nj/s is the frequency, in radians, and the seasonal disturbances o; and o*; are two
mutually uncorrelated NID disturbances with zero mean and common variance 2. For s, the

component at j = s/2 collapses to Vi =V COSA @,
7. The following impulse dummies are included in the IP equation: 1969q4, 1972q4, 197994, 2009q1.

8. It is interesting to note that the same problem also emerges in the unemployment residuals in a
study by Chen and Mills (2009) conducted on the output gap estimation referring to the entire euro
area.

9. For capital stock, we use the annual measure provided by EU-KLEMS. Quarterly data are derived
using the Fernandez (1981) method implemented in the official Eurostat software ECOTRIM.

10. For the hypothesis that capacity utilisation fluctuates around the normal rate over the long-run,
see for example Hein et al. (2010). In general, there is no guarantee that the rate of capacity
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utilisation will converge to one (or any other specific number) in the long run. For example, Lavoie
et al. (2004) have argued that the actual utilisation rate may deviate from its desired level in the
long run, fluctuating around its desired level. See also Dutt (1997) and Cassetti (2006).

11. See ISTAT (2011).

12. Readers should bear in mind that survey based capacity utilisation is available in real time and it
is not corrected with the availability of new information. On the other hand, both the dating
exercise and the time series methods are “ex post”, in the sense that they consider the information
that is available at the moment of writing. This information may be different both from what was
available when the survey measure has been published and from what will be available, for
example, five years from now. In this sense, performance comparisons may be considered as
“unfair”. Nevertheless, we believe that the analysis do provide significant evidence on the
relationship among survey based information and the business cycle. We however thank an
anonymous referee for having raised this point.

13. In this context, we are assuming that AD curve does not lead to a shift in the AS curve. This implies
that we are thinking in terms of an exogenous growth model framework. We thank an anonymous
referee for having raised this point.

14. The cyclical component of inflation is obtained through the following univariate unobserved
component model:

=gty t+yteg t=1..T
where p; represents the trend estimated as a driftless random walk, y; a stochastic cycle, and y; a
stochastic seasonal component. This univariate specification follows Koopman et al. (2009).

15. ADF and KPSS tests on inflation suggest that this variable is I(1); tests results are available with the
authors upon request. Similar results for US and Australia are also obtained by Russsell and
Banerjee (2010).

16. The SIC model selection criterion is based on the log likelihood function adjusted by a penalty for
the number of parameters, and performs well for model selection with large sample sizes (see
Lutkepohl, 1991).

17. See Chapter 5 of Enders (2003) for an explanation.

18. For these models the effect of demand shock to inflation and capacity utilisation fade out after
40 periods. Shock responses are however statistically significant for six or seven periods.
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In this paper we present a dynamic factor model that produces nowcasts and backcasts
of Irish quarterly GDP using timely data from a panel dataset of 35 indicators. We apply
a recently developed methodology, whereby numerous potentially useful indicator series
for Irish GDP can be availed of in a parsimonious manner and the unsynchronised
nature of the release calendar for a wide range of higher frequency indicators can be
handled. The nowcasts in this paper are generated by using dynamic factor analysis to
extract common factors from the panel dataset. Bridge equations are then used to relate
these factors to quarterly GDP estimates. We conduct an out-of-sample forecasting
simulation exercise, where the results of the nowcasting exercise are compared with
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1. Introduction
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In this paper early estimates or nowcasts and backcasts of quarterly Irish GDP are
presented. A nowcast (backcast) is a prediction of the present (near past) of a series with a
publication lag. We draw upon the factor analysis based literature in seeking to distill
significant information from relatively large amounts of variables. The approach follows
that of Giannone, Reichlin and Small (2008) who produce nowcasts of output for the US
using a dynamic factor model. The nowcasting methodology has been applied to many
countries including Euro Area (Angelini et al., 2010), Norway (Aastveit and Trovik, 2011),
Switzerland (Siliverstovs and Khoodilin, 2010), New Zealand (Matheson, 2011). For a survey
of the literature see Banbura, Giannone and Reichlin (2011).

A nowcast estimate of GDP is obtained in two steps. In the first step, monthly
indicators are used to estimate factors. These factors are then used as regressors in an
associated bridge equation. In an Irish case, we compile a monthly panel dataset of
35 variables. In terms of the timeliness of Irish GDP releases, for the first two months in any
given quarter, the most recent available release of GDP is for the second last quarter. By the
end of the third month in each quarter, releases of GDP are available for the previous
quarter. In this paper we generate estimates for the current quarter (nowcast) and for the
previous quarter (backcast). In the case of the latter, this is only done when no release is
available i.e. for the first two months of the quarter.

We generate the nowcasts using a pseudo-real time approach. By this we mean that
when a nowcast is derived from the data in every quarter, the data availability which
existed at that quarter, is replicated exactly. In essence we are seeking to replicate the
timeliness which would have pertained for an analyst at the time the GDP estimate was
formulated. By pseudo we mean that it is the final vintage of this data that is used to
produce the forecasts and not the the “real-time” data available at the time of the forecast,
however there is evidence that the qualitative results of the model are unaffected by data
revisions (see Liebermann, 2011).

This approach does give rise to what has been referred to as the “jagged edge” issue;
that is, some data series do not have observations for the most recent month or two, so the
panel from which the factor is derived is unbalanced in nature. In addressing this problem
we follow the same two-step approach as Giannone, Reichlin and Small (2008), in which
current and recent GDP is estimated conditional on the number of indicators for which
current information is already available.

This modeling approach represents a significant addition to the policy-analysis tool
kit of the Irish Central Bank. The coherent nature of policy making within the Eurosystem
necessitates the provision of timely and accurate estimates of output growth by euro
member states. Evaluating the present state of the economy and generating “credible”
short-term forecasts has often been a complex task of combining information from both
qualitative and quantitative based sources usually available at different time delays.
Qualitative, survey-type information concerning present conditions within the economy
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tends to be available on a timely basis, whereas data more typically used in model based
forecasts is often only available at a significant time lag. Additionally, many timely and
useful variables are released at monthly intervals whereas the variable of interest, GDP, is
normally on a quarterly basis. Therefore, from a policy perspective the flexibility afforded
by the nowcasting model is a particularly attractive feature of this approach.

To place the nowcasting exercise in context, in Section 2 we discuss both the type and
timeliness of Irish macroeconomic data releases. In Section 3, the nowcasting model is
presented along with the results of an out-of-sample forecast simulation. Section 4 offers
some concluding comments.

2. Real-time data flow and the indicator dataset

The Quarterly National Accounts (QNA) releases of the Irish Central Statistics Office
(CSO) provide the most comprehensive available information on recent developments in
the Irish economy. The QNA provide estimates of GDP and its main output and expenditure
components with the income accounts only available on an annual basis. The current
release delay is no later than 90 days, meaning that GDP growth for a reference quarter is
available towards the end of the subsequent quarter. In view of this significant release
delay, conjunctural assessments of the Irish economy would benefit greatly from an early
indicator of quarterly GDP of sufficient accuracy and timeliness. Such an early indicator
could avail of the many releases of monthly Irish data.

In order to illustrate more fully the benefits of producing backcasts and nowcasts for
Irish GDP, it is helpful to examine the timeline of releases of Irish macroeconomic data
more carefully. Let’s suppose we are currently half way through a particular quarter and
label the quarter g;. The release of the quarterly national accounts for the previous quarter
di1, will still not appear for another six weeks or so i.e. close to the end of qt. However there
is considerable monthly information now available for the previous quarter including
monthly releases of retail sales and industrial production for each month of the previous
quarter. This paper proposes to make use of the available monthly information to produce
a timely backcast of GDP i.e. an estimate of GDP for q;_;. At the current juncture in the
middle of qt, there is already partial information available on the current quarter including
the unemployment rate and exchange rate data for the first month of the quarter. The
methodology adopted in this paper also makes use of these monthly data to produce a
timely nowcast of GDP for qt. Such a nowcast yields significant benefits in terms of
providing important timely information on the state of the economy. The official quarterly
national accounts for gt are released at the end of g;,;. The nowcasts and backcasts for GDP
can be computed at any point during qt but clearly the nowcasts are more reliable as we
proceed through the quarter when more and more information on monthly indicators can
be incorporated.

The GDP nowcasting model incorporates information from a large set of more timely,
higher frequency indicators that try to capture conjunctural developments in the Irish and
international economies. There are 35 indicator series in the conditioning set. The full list
of indicators along with their respective sources and release delays are presented in
Table 1. These series are part of a larger set of series used by the Central Bank of Ireland in
projection exercises but the series in the conditioning set satisfied a number of additional
criteria including having a sufficiently timely release delay. The series are generally of
monthly frequency and are significantly more timely than the GDP releases, with the
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longest release delay for the monthly series at about 40 days. Each of the series must also
be sufficiently long for modeling purposes. The dataset begins in January 1985 and is
unbalanced at the end of the sample reflecting the different release delays of the
indicators. The structure of the dataset should be largely the same, at least for the set of
monthly series, at each monthly update of the quarterly GDP nowcast. The model attempts
to nowcast year-on-year GDP growth for a given quarter and the indicator series undergo
transformations before entering the model. Typically, the series are converted to year-on-year
growth rates helping to avoid the excessive volatility of quarter-on-quarter growth rates.

Table 1. List of variables used in the factor analysis

Name Frequency Timeliness Source
(approx. days)

Live register M 10 www.cso.ie/priabfor.htm

Retail sales M 40 WWW.cso.ie/prservices.htm

Car sales M 10 www.cso.ie/prtransport.htm

Unemployment rate M 10 www.cso.ie/prlabfor.htm

Industrial production M 40 Www.cso.ie/prind.htm

Real M1 M 30 www.centralbank.ie

Real M3 M 30 www.centralbank.ie

Real private sector credit M 30 www.centralbank.ie

CPI sub-indices (7 series) M 30 WWw.cso.ie/prprices.htm

House completions M 20 www.environ.ie/

House registrations M 20 www.environ.ie/

Consumer sentiment index M 8 www.esri.ie/

Index of consumer expectations M 8 www.esri.ie/

Euro sterling exchange rate M 0 www.centralbank.ie

Euro dollar exchange rate M 0 www.centralbank.ie

Euro area consumer and business surveys (11 series) M 3 http://ec.europa.eu/

Extra euro area import demand of Irish trading partners Q Variable ECB

Intra euro area competitors’ prices on export side Q Variable ECB

Gross domestic product Q 90 WWWw.cso.ie/prprices.htm

The dataset contains direct measures of economic activity and price dynamics along
with indirect measures such as business and consumer sentiment surveys. The monthly
indicators presented in Table 1 can be broadly grouped in terms of type and release delay
(in brackets) as follows:

e hard data 1 (release delays of less than 10 days) - includes live register of unemployment
benefit claimants, the unemployment rate and car sales,

e hard data 2 (between 20 and 40 days) - includes housing data, retail sales and industrial
production,

e price data (within 12 days) - consumer price sub-indices,

e survey data (within 8 days) — Irish consumer sentiment surveys and euro area consumer
and business sentiment surveys,

e financial data 1 (at the end of reference month) - euro sterling and euro dollar exchanges
rates,

e financial data 2 (within 30 days) — monetary aggregates and private sector credit.

The importance of developments in trading partners for the Irish economy is captured
by the inclusion of quarterly weighted import demand and competitiveness variables along
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with higher frequency indicators such as consumer and business sentiment indicators for
the euro area and euro exchange rate movements vis-a-vis pound sterling and the US
dollar. Sentiment indicators offer very timely information on conditions in the domestic
and international economies. Exchange rate data are daily but they enter the model as
monthly averages. Almost each sector of the economy is represented but efforts are made
to adequately cover particularly those sectors with both higher weighting and more
volatile outturns. Industrial output, which accounts for about a quarter of GDP at factor
cost, is an important source of volatility, as illustrated in Table 2. The volatility is
particularly pronounced in certain manufacturing sub-sectors, such as the manufacture of
basic chemicals, and this can present significant challenges in a forecasting context. The
overall monthly industrial output index is included as an indicator.

Table 2. Mean absolute deviations of year-on-year growth rates by sector

Mean absolute deviation Share of GDP at factor cost
Agriculture 28.0 2.3
Industry (excl. construction) 31.4 25.1
Building and construction 16.7 85
Distribution, transport and communication 8.0 15.6
Public administration and defence 2.4 3.4
Other services 8.1 46.2

Note: Shares are approximate, due to non-additivity of the chained-linked data, and do not add to 100.

It is worth noting that the explanatory power of industrial production indices may be
limited by the fact that the monthly industrial production series are not adjusted for
royalties and licence services imports whereas GDP is adjusted as these inputs are not
regarded as value added. In this respect, it is worth observing that the increasing use of
service inputs over time may not be adequately taken into account (data on services inputs
are only available quarterly with the Balance of International Payments, which is released
at the same time as the QNA). Monetary aggregates have been shown to be useful in short-
term forecasting of activity and are also included.

The contribution of the construction sector to GDP growth has undergone significant
changes during this decade and indicators such as housing completions, housing
registrations and private sector credit are included to capture activity in the sector. Activity
in the market services sector is accounted for primarily by the monthly retail sales and car
sales indices. The inclusion of a range of public finance series was also considered but
unfortunately the data were not available at a high frequency over a sufficiently long
period of time.! Altogether, seven subindices of the CPI remained in our final set of
indicators after the various steps of the selection process. Finally, there are two labour
market indicators i.e. the monthly unemployment rate and the numbers on the live register
of unemployment benefit claimants.

3. The model

In this section we outline the dynamic factor model (Giannone, Reichlin and Small,
2008) used to generate the monthly estimates of GDP. The estimation strategy with this
approach is twofold: in the first a set of factors are extracted from a panel of monthly
indicators; in the second step, the GDP series is projected onto the factors via a bridge
equation.
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The Giannone, Reichlin and Small (2008) model can be summarised as follows. A vector of

n monthly, stationary (standardised), year-on-year variables Xy = (X1 X2¢,...,Xne)
t =1,2,...,T is assumed to have the following dynamic factor model characterisation:?
Xe =Xe t & =M+ (1)
ft = Z?:l Aife—i +G; ()
¢t = Bne 3)

where X;in eq.(1) is the sum of two orthogonal components, the common component
Xt and the idiosyncratic component ¢;. The common component is the product of an
n X r matrix of loadings A and a 1 X 1 vector of latent factors f;. The idiosyncratic
component is a multivariate white noise with diagonal covariance matrix Xg. Factor
dynamics are described in eq.(2), which is a VAR(p). A, Aj,..., Ay are matrices of
parameters and {;: N (0, BB"), where Bisa (r X q) matrix® with q¢ < r; 1:: N(0,1,).

In the Appendix we outline how consistent estimates of the parameters of the model
can be obtained. Using these estimates, the factors can be estimated in the following

manner:
AA

PA‘t = proj[Ft|x1,...,xT;IA\,A,B,fg]

that is, by applying the Kalman filter to the state-space representation obtained by
replacing estimated parameters in the factor representation:

Xe =M + & (4)

ft = 2?21 Aife—i +4; (5)

The Kalman filter can be also used to evaluate the degree of precision of the factor
estimates

Vk = E[(Ft - Ft)(Ft - Ft)|X1, o X A,A, B, ZE]
while, the estimates of the signal and their degree of precision are given, respectively by

Xt = Projxclxi, ..., xr; A A, B, Z¢] = AF;

EQte = £0)° = A'Vph

This framework is adapted to estimate the factors on the basis of an incomplete
dataset, i.e. a dataset which contains some missing values corresponding to data which has
not yet been released. We impose that the variance of the idiosyncratic part of the series

with the missing observation is infinite at time t. This implies that no weight is put on the
missing variable in the computation of the factors at time t.

We define the level of the GDP for a quarter q as the average of latent, monthly
observations of GDP within that quarter, GDPtq =1 (GDP™ + GDP™; + GDP["*,); where
GDP{" denotes the unobservable latent realisation of GDP at the monthly frequency. Year-
on-year GDP growth is computed as gdp; = GDPtq - GDPtq_12 within the same
quarter q. Quarterly factors are computed by averaging over the year-on-year monthly
factors £9 = 2 (F" + " + fi";)

The estimates of year-on-year changes of GDP, on quarterly variables, are computed
with the following bridge equation:

gdp." = B ©
where g/d;tq denotes the yearly estimated growth rate of GDP and [/3\ isa r X 1 vector of
estimated parameters; this is computed for all the available t's belonging to a certain
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quarter q. Backcasts, nowcasts and forecasts of the GDP series can be computed every
month as soon as new information becomes available.

The forecast error is defined as the difference between the (ex post) realised and the
estimated value of gdp: &/ = gdp; — gdp,l. We assume that £/~N(0,0?) and that
&, {; and g are mutually independent at all leads and lags.

3.1. Model evaluation

To evaluate the forecast performance of the modelling approach, we perform a pseudo
real-time out of sample simulation. In using the pseudo real-time approach, we are seeking
to replicate the actual data availability situation which pertained at the time the nowcast/
forecast is generated. Therefore, the parameters of the model are generated recursively
based on the data availability at a particular quarter.

The out of sample simulation procedure is as follows. The exercise begins by
estimating the model on a sub-sample called the estimation window 1980:Q1 to 1996:Q4.
The estimated parameters are then used to backcast and nowcast GDP. The estimation
window is updated sequentially with one observation and the parameters are re-estimated
based on the new sample available. The estimates of GDP are again generated using the
new sample. This procedure is then iterated until the end of the sample.

We evaluate the performance of the model by generating the Mean Squared Forecast
Error (MSFE), which is defined as
<
MSFE = (tl_:ﬁziito (gdp! — gdp/)?, )
The MSFE refers to Mean Squared Nowcast Error (MSNE) when the evaluation is
computed for the months within the current quarter or refers to Mean Squared Backcast
Error (MSBE) when the evaluation is computed in the months falling in the next quarter.

We also compare the accuracy of the models estimates with that of a benchmark
model.# In our case we take, as the benchmark model, the average of the last four most
recently available year-on-year GDP changes. The results in the model simulation are
generated with a specification with one dynamic factor, one static factor and the VAR for
the factors of order 4. This specification results in the lowest mean square forecast error in
a training sample from 1990 Quarter 1 to 1996 Quarter 4 as well as in the sample used for
the simulation.”

3.2. Results

We now compare the forecast performance of the model in terms of both nowcasts
and backcasts vis-a-vis that of the benchmark model. Table 3 presents the mean squared
errors (MSE) for the different applications. These are presented for the case where the
nowcast or the backcast is generated for each of the three different months in each quarter.

It can be seen from Table 3 that in both the case of the backcasts and the nowcasts, the
mean squared backcast error (MSBE) and the mean squared nowcast error (MSNE) of the
benchmark model is considerably greater than the model proposed here. In terms of the
month in the quarter the now/backcast is generated, it is evident, as one would expect, that
as one moves from the first month to the second and onto the third month, there are
notable declines in the MSBE and the MSNE.

In Figures 1 and 2, we plot the backcast and the nowcast respectively along with the
observed series and the results from the benchmark model. From Figure 1, it may be
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Table 3. Mean squared errors (MSE) for backcasts and nowcasts

Model MSBE MSNE
1st month 5.317 6.145
2nd month 5.034 5.570
3rd month 5.475
Benchmark 8.189 8.361

observed that the backcast generated for the second month tracks the observed series
quite well, particularly when compared with the estimate of the benchmark. In the case of
the nowcast estimates in Figure 2, the estimate generated for the third month can also be
seen to improve on that estimated in the first and second months of the quarter.

Figure 1. Comparison of backcasting performance
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Figure 2. Comparison of nowcasting performance
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As a final exercise, we examine the effect of individual data releases on the forecast
accuracy of the approach. In Figure 3, we plot the MSFE for the nowcast associated with the

28
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addition of each data release. This is compared with the score for the benchmark. As can
be seen from Table 1, the first set of available releases contains exchange rates while the
last is for extra euro area demand for Irish exports and competitors’ prices on the export
side. Apart from surveys, a marginal improvement can be observed relative to the
forecasting performance of the previous release. The improvement is particularly notable
for the releases of the live register of unemployment claimants, housing data and
monetary aggregates.

Figure 3. Impact of data releases on forecast accuracy
35

Ex Rates  Surveys Con Livereg Housing  Money IP Retail Exports  Baseline
Sentiment

4. Conclusions

The use of the dynamic factor model framework for producing nowcasts and
backcasts represents a significant addition to the forecasting tool kit of the Central Bank of
Ireland. In providing timely estimates of quarterly GDP, the approach has some appealing
features. A large panel dataset of potential indicators for GDP may be parsimoniously
employed through the dynamic factor model methodology, and at any time during a
quarter the estimation approach can handle and exploit the unsynchronised flow of
generally higher frequency data.

In evaluating the dynamic factor model, a pseudo-real time approach is followed in
that the data availability situation which existed for each quarter, is replicated when
computing the model estimates. An out-of-sample simulation is performed where the
estimates of the model are compared with that of a benchmark approach. We find that the
mean squared forecast errors for both the nowcasts and the backcasts are considerably
smaller than those of the benchmark model. Unsurprisingly, the later in the quarter the
nowcast or the backcast is generated the more accurate the estimate proves to be relative
to the observed series. This suggests that macroeconomic data releases have an important
informational content; it is hence worth updating the forecast many times within the same
quarter to incorporate the most recent information.

Notes

1. There is the option of interpolating some of the series and we may revisit this at some future date
as some of these series could prove useful.

2. T is the last date available in the monthly year-on-year dataset.
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3. We assume B'B = X.

4. The standard benchmark model in this literature is the constant growth model. However, owing to
the particularly volatile nature of Irish quarter-on-quarter GDP changes, we elect to use, as the
standard GDP transformation, year-on-year changes. Therefore, for such a transformation, the
average growth rate is a more appropriate model rather than the constant growth rate.
Nonetheless, we also compare our results with those of the standard benchmark model and the
results do not change. The results are available upon request, from the authors.

5. Given that the number of dynamic factors is equal to the number of static factors, the dataset is
characterised by low dynamics which are captured by the lags in the factors VAR.
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APPENDIX A

Parameters estimation

In this Appendix, we outline how consistent estimates of the parameters of the
dynamic factor model are obtained.

Suppose that z;; = y;; — [; and that x;; = &%(yit —[;), where [ = %Zgl y; and
6; = \/ %25:1 (v¢ — ;)% Consider the following estimator of the common factors:
(F, K) = argrE'i[rxl Z?=1 Yiz1 (Zit—AiFt)Z .

The correlation matrix of the observables (y;) can be defined as:

S= %ZLl XeXt

Let’s define D the r X r diagonal matrix with diagonal elements given by the r largest

eigenvalues of S and V the n X r matrix of the corresponding eigenvectors subject to the
normalisation V'V = I,.. Factors are estimated as:

Ff = Axt
and the factor loadings A are estimated by regressing the variables on the estimated
factors:

PN ~/ ~ =
A=Yl 0 Fe By FEH™

and the covariance matrix of the idiosyncratic component is estimated as:
S¢ = diags(S —VDV)

The other parameters A and ¥ are estimated by running a VAR on the estimated

factors:
A=Y, FF i, B Fi)™
a 1
X

~ o~y ~ 1 =~ =1 "
=1 Z:z FeFy _A(EZ{:Z Fi_1Fe_1 )A

Finally, P is defined as the g X q diagonal matrix with the entries given by the largest
q eigenvalues of ¥ and by M the r X q matrix of the corresponding eigenvectors, then:

a 1
B = MP2
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DAY-OF-THE-WEEK EFFECT IN CONSUMER CONFIDENCE INDEX: THE CASE OF TURKEY

1. Introduction

34

One of the well-known market anomalies, the day-of-the-week effect has been the
subject matter of many studies in the literature. Most of these focussed on the analysis of
stock returns while some were concerned with return on foreign exchange rates.

In one of the earliest studies, Cross (1973) showed that the mean return on Friday is
higher than the mean return on Monday in the S&P 500 index during the period of 1953 to
1970. His finding established a foundation for the day-of-the-week effect in literature, in
which many studies have questioned whether markets are inclined to rise towards the end
of the week. Following Cross, many empirical studies found that the return on Monday is
lower than the return on any other day of the week. In a recent attempt, Basher and
Sadorsky (2006) examined the behaviour of 21 emerging stock markets by including
unconditional and conditional risk factors. Their main finding was that there is a strong
day-of-the-week effect in a few emerging stock markets even under the inclusion of
conditional market risk.

On the other hand, there is also a vast literature which considers the return in foreign
exchange rates rather than the return on stocks within the day-of-the-week effect theory.
Among others, McFarland et al. (1982), Hilliard and Tucker (1992), Cornett et al. (1995),
Aydogan and Booth (2003), Berument et al. (2007) concluded in favour of the day-of-the-
week effect when they evaluated the depreciation of exchange rates. Lenkkeri et al. (2006)
extended the research to European securitised real estate index returns. They found that
eight out of eleven European countries exhibit the highest rates of return on Friday.

While the day-of-the-week effect in financial markets is regarded as an anomaly
(Baker et al. 2008) or as a puzzling empirical finding (Wang et al., 1997) it has hardly been
rationalised theoretically. One argument is that firms tend to release bad news toward or
after the close on Friday because of the fear of panic selling which could cause negative
returns on Monday. Damodaran (1989) shows that the delayed bad news hypothesis can
explain only a small portion of the negative returns on Monday. None of the other
arguments such as delay between trading and settlement periods (Lakonishok and Levi,
1982), measurement errors in stock prices (Keim and Stambaugh, 1984) or institutional
aspects of stock markets (Flannery and Protopapadakis, 1988) have been capable of fully
explaining the day-of-the-week effect in financial markets in a conceptualised nature.
Nonetheless, this anomaly exists and the literature attributes its presence to the dynamics
of the financial markets.

Previous research has shown the close relationship between financial markets and the
day-of-the-week effect, and also the close relationship between financial markets and
Consumer Confidence Indexes (Mishkin, 1978; Gunes and Gelik, 2010). However, the link
between the day-of-the-week effect and Consumer Confidence Index has not been
examined.

The present study tries to contribute to the literature by analysing the day-of-the-
week effect on both the mean and volatility for daily changes in the CBNC-e Consumer
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Confidence Index (CCI) in Turkey. One should expect that changes in daily consumer
confidence should be sensitive to daily changes in financial variables through the wealth
effect. Indeed, as previous studies already demonstrated that exchange rate markets and
the stock markets exhibit day-of-the-week effect in Turkey (Basher and Sadorsky, 2006,
Berument et al., 2007) it is intriguing to claim that anomalies in financial variables may
pollute consumer confidence. It is possible to detect such a spill over effect by an analysis
of the day-of-the-week effect in the CCI. It will also stand as evidence for the dynamic
nature of expectation formation and decision making processes in emerging markets,
where participants act relatively faster than developed and deep financial markets.

Our empirical findings demonstrate that daily changes in the CNBC-e Consumer
Confidence Index exhibits the day-of-the-week effect. Additionally, we find that there is a
day-of-the-week effect on the variability of the index using both parametric and
nonparametric methodologies. The rest of this study is organised as follows: Section 2
includes a brief discussion on the Consumer Confidence Index in the Turkey; Section 3
contains the data and methodology; Section 4 includes the empirical findings; and, Section
5 concludes.

2. Consumer Confidence Index for Turkey

In Turkey, there are two consumer confidence indices: the CNBC-e Consumer
Confidence Index and CBRT-TURKSTAT Consumer Confidence Index. In this study, we use
the CNBC-e Consumer Confidence Index for the empirical analysis as we are able to obtain
its daily data set from the survey provider. The index is composed of the following
questions:

1. We would like to learn about your current economic situation. How would you compare
your (and your family’s) current financial situation with last year?

Answer choices: Better Worse Same No idea
2. What do you think your (and your family’s) future financial situation will be in a year?
Answer choices: Better Worse Same No idea

3. How would you compare your current expectations of the Turkish economy with the
previous month?

Answer choices: Better Worse Same No idea
4. How do you think the Turkish economy’s situation will be in a year?
Answer choices: Better Worse Same No idea

5. Do you think that the current period is a good time to buy durable consumer goods such
as a TV set, a refrigerator and furniture, or vehicles or a residence?

Answer choices: Good time Bad time No idea

The index is calculated according to following formula:

Index value = (Current period value/Base period value) * 100

The current period’s value for each question is being calculated as:

([Number of optimistic answers for the question - Number of pessimistic
answers for the question/Number of surveys] * 100) + 100
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The current period values of each question are summed up to obtain the current
period’s value for the overall index. The methodology used to compile and to calculate the
index has been adopted from the Michigan University Index of Consumer Sentiment. The
base period of the index is set as January 2002 and the value of the index at this period is
100. The index has a point of scale ranging from 0 to 200. The sample used to collect survey
data is chosen from a database maintained by the survey provider. The database contains
records of approximately 15 million individuals. The index is a compilation of
720 completed surveys. The survey data is obtained from the respondents between the
27th day of the previous month and the 26th day of the current month. The distribution of
the completed surveys meets seven criteria:

1. 70% are selected from Istanbul, Ankara and Izmir; 30% are selected from other cities and
large districts in Turkey.

. 60% are selected from the 36-55 age group; 40% are selected from the 18-35 age group.
. 50:50 distribution of male and female respondents.

. 50% of the total surveys are composed of new records.

v W N

. A minimum of 30% of new records belongs to individuals who had been successfully
surveyed in the previous month.

6. A maximum 20% of the 720 completed surveys may be composed of additional
respondents and these respondents are not called again in the following month.

7. One of the most important criteria is that respondents are not surveyed more than twice.
This helps to minimise the biases in the answers of the respondents.

3. Data and methodology

We use data from the CNBC-e Consumer Confidence Index for the period of
1 January 2003 to 25 July 2008. The CCI is calculated using the data obtained from the
CNBC-e Consumer Confidence Index survey provider. Change in the daily index is
calculated as follows:
zy = ln[ll—tj
t-1

where z is the daily changes in CCI and I stands for the CCI index value.

Table 1 summarises the main descriptive statistics of the CCI for the days of week.
Kurtosis for all days of the week is very high and therefore the null hypothesis of normality
is rejected. Friday and Tuesday have the lowest mean value, whereas Monday has the
highest. The daily change on Monday and Tuesday has the lowest and highest standard
deviations, respectively.
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Table 1. Descriptive statistics

Monday Tuesday Wednesday Thursday Friday
Mean 0.0025 -0.0009 0.0004 -0.0023 -0.0009
Median 0.0000 0.0000 0.0000 0.0000 0.0000
Maximum 0.1491 0.4604 0.3323 0.2961 0.2395
Minimum -0.3105 -0.2739 -0.4983 -0.2579 -0.3157
Std. Dev. 0.0344 0.0506 0.0461 0.0440 0.0376
Skewness -1.4587 1.4092 -3.2903 0.1153 —-2.3254
Kurtosis 30.285 31.706 61.290 24.343 35.840
Jarque-Bera 9004 9984 41436 5505 13293
Probability 0.0000 0.0000 0.0000 0.0000 0.0000
Observations 287 288 289 290 290

Figure 1. Daily change of the Consumer Confidence Index
(1 January 2003-25 July 2008)

0.8
0.6 —+
04 —+
0.2 +
0 .
-0.2 +
0.4
-0.6
m M o m = =< = = n LN @O W @O W ~ I~ ~ ~ 0 o oD
o o o o O o o o o o o o = R e o o o o o o o o o
o o O o O o o o o o o o o o o O o o o o o o o
~N NN ™~ ™ ~N NN ~N NN ™~ ~ ™ ™~ ™ ~N NN ™~ ~N NN
e T T T T T e = T T T T e T e T T T T T T T
= = I~ o <t M~ O = = I~ o = = ~ o = = I~ o = = I~
o o o - O o o o o o L | o o o o o o o L | o o o

3.1. Ordinary least squares analysis

To investigate the day-of-the-week effect on daily changes in the CCI, first we employ
the following regression model by employing the ordinary least square (OLS) technique:

4
Z¢ = B1Dmt + BoDre + BsDwt + BaDrue + BsDre + 2 Bs.iZe_i + & 1)

i=1

where z; is the daily change in the Consumer Confidence Index, Dy, D1t, Dwt, Dyt and Dgt
are dummy variables for Monday, Tuesday, Wednesday, Thursday and Friday respectively,
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and ¢; is the error term. We include a one week delay lag for daily changes in the CCI to
overcome the problem of autocorrelation.

3.2. E-GARCH method

Another serious problem the data set could have is inconstant variance of residuals
and most probably time varying. ARCH models, introduced by Engle (1982), are proposed to
correct the variability of error variance, by modelling error variances as a function of past
errors. In this study, we employ the Exponential GARCH (E-GARCH) to analyse the day-of-
the-week effect. The E-GARCH model was introduced by Nelson (1991) and is widely
employed to analyse financial variables. One of the main advantages of the EGARCH is that
unlike the GARCH model, it does not impose non-negativity constraints on parameters. On
the other hand, the EGARCH allows for asymmetry in responsiveness to shocks.

The generalised structure of the E-GARCH model, including dummy variables, uses the
following:

Mean equation:

4
Z¢ = B1Dumt + BoDre + BsDwt + BaDrue + BsDre + 2 BssiZe_i + ¢ (22)

i=1

where v; denotes the heteroskedastic error term, and

Variance equation:

Iog(GtZ) = OtlDMt + (XQDTt + (XQ.DWt + (X4DTHt + (Xstt
9 p Vrs ¢
+ i lo (52_1’ + 0; = E (tl)
;B 9(0c) ]:21 ow Gt-i

In Equation (2b), the left hand size is the logarithm of conditional variance of error

(6}

r
+ kk
1

Vit
“~ t-k

term. This model assumes that the leverage effect is exponential. Since the model is
specified in logarithms, the conditional variances are constrained to be non-negative.

3.3. Stochastic dominance approach

In order to strengthen the finding of an existence of the day-of-the-week effect in the
CCI, we also perform a non-parametric stochastic dominance approach which uses the
realised distribution of change in the CCI. There are three main types of stochastic
dominance (SD): first order SD (FSD); second order SD (SSD); and, third order SD (TSD).

SD results imply a hierarchy in which the FSD implies SSD and in turn the SSD implies
TSD. However, the reverse order is not true. To analyse the day-of-the-week effect in daily
changes in the CCI by using the SD approach we employed three different SD tests. The
first proposed by Anderson (1996), the second by Davidson and Duclos (2000) and the third
by Barrett and Donald (2003). The Anderson (1996) SD tests are based on t-statistics
comparing the object calculated in two independent samples. On the other hand, the
Davidson and Duclos (2000) SD test is based on tests of inequality constraints which in turn
lead to small number comparisons that are made by choosing the fixed number of arbitrary
points. The Barrett and Donald (2003) SD test is a Kolmogorov-Smirnov type test that
makes comparisons at all points.
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4. Empirical results

Table 2 depicts the OLS results of Equation (1). The findings of the OLS estimation
indicate that none of the daily dummy variables are significant. We performed a Wald
coefficient restriction test to see whether the daily dummy variables are jointly significant
but we cannot reject the null hypothesis of the dummy variable’s joint insignificance.! As
aresult, the OLS estimation shows that there is no-day-of-the-week effect on daily changes
in the Consumer Confidence Index. The Breusch-Godfrey Serial Correlation Lagrange
Multiplier (LM) test with four lags and the Ljung-Box Q show that there is no serial
correlation. This result assumes the existence of a constant variance. To check whether
conditional variance has time varying properties, we performed the Lagrange Multiplier
Autoregressive Conditional Heteroskedastic test? as suggested by Engle (1982) using four
lags®. The calculated test statistic, which is observed as R? and comes from regressing the
squared residuals on its first four lags, is 12.99; higher than the critical value of 9.48 at 5%
significance level. Hence the null hypothesis of the constant conditional variance is
rejected and we need to take varying conditional variance into account.

Table 2. Ordinary least square results

Variable Coefficient Std. error t-statistic Prob.

Dy 0.0016 0.0024 0.6442 0.5196
Dy -0.0008 0.0024 -0.3154 0.7525
Dy 0.0004 0.0024 0.1483 0.8821
Dry -0.0021 0.0024 -0.8963 0.3703
D -0.0015 0.0024 -0.6172 0.5372
Ziq —0.2849 0.0263 -10.8102 0.0000
Zi o —0.1686 0.0272 -6.1898 0.0000
Zi3 -0.1057 0.0272 -3.8835 0.0001
Ziy -0.0706 0.0263 -2.6815 0.0074

Notes: Breusch-Godfrey LM test statistic: 4.08 (0.39).
Ljung-Box Q(36): 14.71 (0.99).
ARCH LM Test: 10.99 (0.02).

By modelling the conditional variance of equation (1) as an E-GARCH (1,1) process, we
estimate the mean equation (2a) and variance equation (2b) jointly. In the estimation of
variance equation, we exclude the Wednesday dummy variable to fix the dummy trap
problem. Table 3 shows the results of the E-GARCH model.

Estimates of the mean equation indicate that there is a day-of-the-week effect. All
dummy variables except Friday are insignificant. We also tested the coefficients of Dy, Dry,
Dy and Dry; jointly and found that joint effect is also insignificant.# Only Friday is
significant and has a negative effect on the daily change of the CCI. This result shows that
consumers become pessimistic as the weekend approaches.® One possible reason for this
rather interesting empirical finding is that since Friday is the last working day of the week,
respondents bear the whole week’s cumulative fatigue (mental and physical) which may
depress the survey participants. Further empirical research is needed in order to reach
rather well-built conclusions.

Estimation results of the variance equation show that the coefficients of three of the
four dummy variables: Monday, Thursday and Friday, are significant. This finding shows
the existence of the day-of-the-week effect for the volatility equation. Among others,
Friday has the lowest volatility. To check whether the Wednesday dummy variable is
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Table 3. Results of the E-GARCH method (1,1)

Variable Coefficient Std. error z-statistic Prob.
Dy 0.0024 0.0016 1.4989 0.1339
Dr 0.0039 0.0028 1.3682 0.1713
Dy 0.0051 0.0036 1.4376 0.1505
Dry 0.0019 0.0021 0.9342 0.3502
Df -0.0042 0.0014 -3.0079 0.0026
Zsq -0.0120 0.0519 -0.2306 0.8176
Zi o -0.0832 0.0334 -2.4905 0.0128
Zy 3 -0.0825 0.0335 -2.4632 0.0138
Ziy -0.0491 0.0306 -1.6055 0.1084

Variance equation

8 0.5076 0.0418 12.1298 0.0000
IS 0.1160 0.0330 3.5178 0.0004
B 0.0293 0.0308 0.9513 0.3415
oLy -0.6082 0.0504 -12.0638 0.0000
ap 0.0505 0.0465 1.0864 0.2773
ag -0.2448 0.0487 -5.0242 0.0000
oy -0.7508 0.0371 —20.2491 0.0000

Note: Ljung-Box Q (36): 21.211 (0.976).

Table 4. Stochastic dominance test results

Test M against F T against F W against F Th against F
Anderson (1996) FSD 0.438 0.435 0.582 0.131
SSD 0.402 0.196 0.285 0.040
TSD 0.361 0.179 0.237 0.044
Davidson and Duclos (2000) FSD 0.459 0.428 0.561 0.110
SSD 0.639 0.086 0.600 0.438
TSD 0.393 0.127 0.513 0.521
Barrett and Donald (2003) FSD 0.450 0.403 0.549 0.450
SSD 0.735 0.013 0.396 0.186
TSD 0.689 0.004 0.281 0.260

Notes: Monday (M), Tuesday (T), Wednesday (W), Thursday (Th),Friday (F).
For Anderson (1996), we report p-values for simulated and 10 evolution points. For Davidson and Duclos (2000), we report
p-values of the Wald test and 10 evolution points. For Barrett and Donald (2003), we report p-values of the KS1 model.

significant, we performed the test by replacing Tuesday with Wednesday and conclude that
Wednesday is also insignificant.

The final empirical part to strengthen the findings for Friday employed the
nonparametric stochastic dominance approach. If Friday had the significantly lowest daily
change, we would be able to find that all days dominate Friday in some order. The columns
show the p-values of all tests considered in this study for the daily change comparisons
under the null hypothesis that Monday (M), Tuesday (T), Wednesday (W), Thursday (Th)
dominate Friday (F).

The main finding of our test results is that all days dominate Friday in first order. Both
the Anderson (1996) SD test and Davidson and Duclos (2000) SD test suggest that Thursday
and Tuesday cannot dominate Friday at the second and third order, respectively. However,
as the SD results imply hierarchy, we conclude that all other days of the week dominate
Friday, strengthening our parametric results with the non-parametric stochastic
dominance approach results.

OECD JOURNAL: JOURNAL OF BUSINESS CYCLE MEASUREMENT AND ANALYSIS - VOLUME 2012/2 © OECD 2013



DAY-OF-THE-WEEK EFFECT IN CONSUMER CONFIDENCE INDEX: THE CASE OF TURKEY

5. Conclusion

This paper examines the day-of-the-week effect on daily changes in Consumer
Confidence Index and their volatility. We started by employing OLS and found no day-of-
the-week effect. Considering the time varying variance, we assessed the day-of-the-week
effect with the E-GARCH specification. Our estimates of the mean equation show that daily
changes of the Consumer Confidence Index in Turkey exhibit the Friday effect. Moreover,
estimates of the variance equation indicate that there is a day-of-the-week effect on the
variability of the confidence index. Finally, we employed several nonparametric SD tests
and verified the Friday effect. These results validate the intrinsic nature of expectation
formation, which is characterised by economic, cultural, psychological and sociological
factors.

Notes

1. F-statistics and the corresponding probability of the Wald test statistic are 0.34 and 0.886
respectively.

2. We employ the White, Harvey and Breusch-Pagan-Godfrey heteroscedasticity tests and found that
there is no statistical evidence of significance from these types of heteroscedasticity test. We did
however find that the conditional variance is varying because it is affected by its past values.

3. Up to five lag order results are the same. For a higher order up to eight, the null hypothesis is
rejected at 10% significance level.

4. F-statistics and the corresponding probability of Wald test statistic are 1.42 and 0.223 respectively.

5. It is understood that the day-of-the-week effect may bias the Consumer Confidence Index due to
seasonality, however this possibility is not within the scope of our research.
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1. Introduction

An important concern of any modern society is: what is the current “state” of the
economy and what should be the state of the economy in the near future? Entrepreneurs and
individuals are interested in this question because their profits and welfare are a function of it.
Governments also have an interest in the subject for budgetary and welfare issues.
Unfortunately, no one possesses a series that represents the “state of the economy”
because it is a latent variable, or rather, it is unobservable.

Since Burns and Mitchell (1946), there has been a great deal of interest in making
inferences about the “state of the economy” from sets of monthly variables that are
believed to be either concurrent or that lead the economy’s business cycles (the so called
“coincident” and “leading” indicators, respectively). The most educated estimate of US
turning points is embodied in the binary variable announced by the NBER Business Cycle
Dating Committee. These announcements are based on the consensus of a panel of experts
and they are made some time (usually six months to one year) after the time of a turning
point in the business cycle. The NBER summarises its deliberations as follows:

“The NBER does not define a recession in terms of two consecutive quarters of decline
in real GNP. Rather, a recession is a recurring period of decline in total output, income,
employment, and trade, usually lasting from six months to a year, and marked by
widespread contractions in many sectors of the economy.”

wwuw.nber.org/cycles

The time it takes for the NBER committee to deliberate and decide that a turning point has
occurred is often too long to make these announcements practically useful. This gives
importance to two constructed indices, namely the coincident index and the leading indicator
index. The traditional coincident index constructed by the Department of Commerce is a
combination of four representative monthly variables on total industrial production, income,
employment and sales. The Conference Board Index (TBC) uses a simple average of the
standardised differenced (logged) series, which is a way of treating equally the fluctuations of
all four series in computing the index. The TCB approach is somewhat heuristic, since it
requires no estimation of a formal econometric model. Despite that, it works surprisingly well
in practice for the US; see the comparison in Issler and Vahid (2006) using the TCB index and
alternative econometric-based indices in trying to replicate the NBER dating decisions.’

As an alternative to heuristic methods such as TCB, several authors have proposed
methods of building indices supported by sophisticated econometric and statistic
techniques. Stock and Watson (1998a, 1998b, 1989, 1993a, 1993b) were the first to apply the
tools of modern time-series econometrics to build an approach able to construct leading
and coincident indices, detect turning points of economic activity, and to predict the
probability of a recession.

An important empirical drawback of Stock and Watson’s approach was its failure to
detect the US recession in 1990-1991. Many papers tried to improve on Stock and Watson’s
method, while keeping the formal building block of a structural econometric model (see
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e.g., Chauvet, 1998 and Mariano and Murasawa, 2003). More recently, Giannone, Reichlin
and Small (2008) have developed a framework for real-time nowcasting (and forecasting)
on the basis of a large and unbalanced dataset. Their model provided a timely and up to
date estimation of the state of the economy. Prior to that, and using a different approach,
Evans (2005) incorporated daily information to update the real-time estimates of GDP and
inflation in a nowcasting exercise.

In Brazil, with the exception to the work of Contador (1977) and Contador and Ferraz
(1999), research on coincident and leading indices of economic activity is fairly young and
most of the literature dates from the 2000s. Chauvet (2001) and Picchetti and Toledo (2002)
use common-factor models to generate a monthly coincident indicator of economic
activity. Chauvet (2002) uses a two-state Markov Chain characterising a recession or an
expansion to propose a chronology for Brazilian business cycles. On a broader study,
Duarte, Issler and Spacov (2004) evaluated three candidates for composite coincident
indices: The Conference Board’s (TCB) index; Spacov’s (2000) index, and Issler and Vahid’s
(2006) index. Using quadratic loss, the dating of these three indices was compared with
that of a monthly proxy of Brazilian GDP, suggesting that the Brazilian coincident index
should use the methodology put forth by TCB. Similarly, Hollauer, Issler and Notini (2009)
found that the TCB index perform best when compared to the methods of Mariano and
Murasawa (2003) and of Stock and Watson (1989, 1993) when industrial-sector coincident
indicators were evaluated.

Unfortunately, part of this recent research effort in Brazil came to a halt because of the
recent redesign of the official employment survey conducted by IBGE - Monthly
Employment Survey (Pesquisa Mensal do Emprego) — which provides monthly Brazilian data
on employment and labour income. Indeed, the change in the survey design in 2002 was so
drastic that it eliminates long-span time-series on employment and income, which are
crucial series for business-cycle research using TCB and NBER oriented methods.

The first goal of this paper is to resume business-cycle research in Brazil using these
methods, which proved to be valuable after the empirical results of Duarte, Issler and
Spacov (2004) and Hollauer, Issler and Notini (2009). Indeed, one of the main challenges of
Brazilian business-cycle research is to back-cast currently available income and
employment series to be able to form a long enough coincident index using TCB method -
which component series are industrial production, sales, income and employment. Here,
we devote a great deal of effort to reconstruct the employment and income series using
a novel state-space representation, which is explained at some length. Our proposed
back-casting approach is based on the interpolation method originally proposed by
Bernanke, Gertler and Watson (1997) and later improved by Monch and Uhlig (2005). It is a
very flexible setup that allows the estimation of a wide range of models in the time-series
literature. As usual, estimation of the unobserved components in these models is
performed employing the Kalman filter.

Once we obtain a long enough span of the usual series used in TCB method, we
compute a new composite coincident index of Brazilian economic activity. Its dating of
recessions is compared with those of Duarte, Issler and Spacov (2004) and with those
implied by the monthly GDP estimate computed by Issler and Notini (2008). It is also
compared with the dating properties of alternative techniques delivering a long-span
coincident index - like chaining new and old employment and income series, for example.
This comparison shows that not only our proposed technique has superior results to
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chaining old and new series but also that our dating of recessions is in line with past
experience.

Our last contribution is regarding the construction of leading indices of economic
activity to track the composite coincident index proposed here. Although coincident
indices have been relatively well studied in Brazil, leading indices have not. In constructing
leading indices we take into account three interesting and novel features in Brazilian
business-cycle research: i) we compare leading and coincident indices in sample and out-
of-sample, where recursive methods are used to mimic the actual tracking problem
encountered in practice; ii) we consider using Granger (1969) causality tests, as well as
novel alternative criteria in choosing candidate series to be included in leading composite
indices; and, iii) we investigate the ability of survey-based time series to lead our composite
index.

Although comparisons are based on a variety of features of the dating properties of
these different indices, our decision to validate the current composite index is mostly
based on a variant of the Quadratic Probability Score (QPS) quadratic-loss statistic proposed
for that purpose by Diebold and Rudebusch (1989).

Empirical results obtained here are compared with the previous literature on Brazil. In
evaluating different results and techniques used in constructing coincident and leading
indices, we borrow from the almost century-long debate on this issue that has been
present in the US economy, and a similar half-century or older debate in Europe.

One of the aspects of the methodology employed in this paper is the heavy use of
statistical and econometric tools in devising different measures of economic activity. This
is done in detriment of the use of a theoretical-based approach. Indeed, there is an old
macroeconomics debate which started after Koopmans’ (1947) critique of the lack of theory
behind the NBER business cycle methodology — labelled “measurement without theory”.?
As stressed by Auerbach (1981), if the success of a specific approach to economic analysis
can be measured by its longevity and continued use under a variety of environments, then

the use of measurement of economic activity must be paramount.

Still, Koopmans compares the early empirical NBER methodology to the “Kepler stage”
of science, whereas the “Newton stage” develops theoretical models explaining these
measured phenomena. He seems to prefer the latter as if nothing is gained by the former.
We disagree with this view. Measurement establishes “stylised facts” if done properly,
which then establishes what theoretical models should aim to explain. Indeed, the main
paragraph in the classic book by Burns and Mitchell (1946) is subsequently cited by most
modern theoretical work in economics, e.g., Lucas (1977). Also, generating the business-
cycle regularities found by Burns and Mitchell and their followers now constitutes a basic
goal of the recent theory of business cycles. The core of this literature and its main
shortcomings is surveyed in Kocherlakota (2010), for example. Indeed, science benefits
from both measurement and theory, since they complement each other in giving a broad
view of a specific phenomenon. This shows that the motivation to use statistical methods
is neither an end on itself nor because they are available, but simply because they will
finally help in uncovering and/or answering an interesting economic question.

This article is organised as follows: Section 2 contains a brief review of the Conference
Board method. Section 3 presents the Kalman filter model. Section 4 presents the data and
the main results. Section 5 concludes.
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2. The methodology of TCB

The ideas behind the TCB method are twofold: simplicity and robustness. Simplicity is
used because they weight information in coincident and leading indices equally, once one
controls for the fact that different signals carry different information depending on their
variance. One simple way to treat every series equally in this context is to standardise
them, treating the standardised series equally. Robustness comes into play here, since
standardising is a way to robustify the series used in the econometric analysis.

The coincident series is an equally-weighted linear combination of four coincident
series (income (I;), output (Yt), employment (N;), and sales (S;)), once we control for the fact
that the growth rate of these series have different variances. Hence, in its bear essentials,>
the coincident indicator uses weights constructed as:

Aln(cL) =% Aln(L)  Aln(Y) Aln(N) Aln(S)

Oaln(r) Oan(y) Oaln(N) Oan(s) ' 1

where G, Gumy)p Oamn)» @0d 6,15 are respectively the standard deviations of income,
output, employment, and sales growth. It is straightforward to construct the level series In
(CI) or CI; once we possess Aln (CIt)'

The leading series are usually chosen because they have turning points that happen
before those of the level series In (CI) or CI;. To determine that, we first need a definition of
“turning points” and of “before”. In this literature, turning points are usually determined
using an accepted algorithm for turning points or local minima and maxima of a time
series - the Bry-Boschan algorithm, Bry and Boschan (1971). With turning points of the
target variable and of the potential leading series in hand, all we have to determine is
whether those of the potential leading series precede those of the target series. Leading
series are those that, on average, downturn or upturn prior to the target series. Once we
determine the candidates of leading series, all we have to do is to combine them. Again, the
TCB methodology uses simplicity and robustness: all leading series are combined using a
procedure similar to (1).

3. Back-casting using the Kalman filter

In this section, we give a brief review of the Kalman filter model applied to back-cast
two of our coincident series - employment and income. A detailed description of this
technique can be found in Harvey (1989) or in Hamilton (1994). After that, we discuss how
to back-cast series using a novel state-space representation.

Our starting point in using the Kalman filter to back-cast employment and income is
the interpolation technique of Bernanke, Gertler and Watson (1997) and the extensions
made by Monch and Uhlig (2005). In both papers, the Kalman filter is used to interpolate
GDP from quarterly to monthly frequency, where monthly auxiliary series help in
estimating monthly GDP. It is assumed that unobserved monthly GDP (labelled as y;* here)
follows an AR (p) process explained by “pre-determined” regressors x; and an AR (1) error
term. The term x; contains co-variates, which should have a high correlation with the
series being interpolated: much of the contemporaneous behavior of the interpolated
series comes from them. Also in x; are deterministic series such as a constant and/or
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seasonal dummies, which, together with these co-variates, explain the behavior of y;*. The
model for y;* is:

(1= sl == P ) yi = xB+us

Uy = PU¢_q + &

Observed quarterly GDP (labelled as y; here) is:

2
Ve =Zy:,i, t=3,6,9,12,... (3)
i=0

y: =0, otherwise. (4)

Hence, quarterly GDP, which we can only observe on months t = 3, 6, 9, 12, etc., is the
sum of the corresponding monthly GDPs in that quarter.* Otherwise, it is just set to a
fictional value of zero. Notice that setting y; = 0 for the months we do not observe GDP is a
way of making quarterly GDP observable at the monthly frequency (see Appendix in Ménch
and Uhlig, 2005). In the Kalman-filter literature for mixed frequency models (see, for
example, Giannone, Reichlin and Small, 2008) a fictional value is usually assumed for
missing observations (zero is the most frequent choice). The crucial step is to impose that
the fictional observed data has a very large variance, so that the zero value is discounted
and overwritten by the Kalman-filter technique. This is exactly how Monch and Uhlig
proceed.

A second issue is how to initialise the values of B, p, and the variance of u; in the
Kalman-filter procedure. Monch and Uhlig aggregate the covariates in x; from high
(monthly) to low (quarterly) frequency, and run an OLS regression of y; on its lags and x;
[regression (2)] at the quarterly frequency. This yields estimates of § and the ¢’s, as well as
an estimate for the variance of u;. With the latter, an estimate of p is obtained from an OLS
regression of u; on u;.q.

If we assume that the polynomial (1 - ¢1L - ... - $,LF) is of order one, i.e, p = 1, with
coefficient ¢, the state-space form of Monch and Uhlig’s problem is the following:

+

Yt o 0 0 p)fys X €t
g _ y;:l _ 1 O O O yttZ + O n O (5)
lyia|]o 1 0 offyis 0 0
Us 0O 0 0 pllu, 0 €t
(6)
}7t=H£§ty

where (5) and (6) are respectively the state and the observation equations and the matrix
H; is time-varying, with the following format:
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[T 1 1 0],t=36912,..
H/ = ?)
[0 0o o O] otherwise.

One interesting feature of the approach in Ménch and Uhlig (2005) is that it
encompasses several data interpolation models, summarised in Table 1.

Table 1. Resulting model as a function of ¢ and p in (5)

Model [0} p
Static model in levels with IID residuals 0 0
Static model in levels with AR(1) residuals (Chow and Lin, 1971) 0 free
Static model in 1st differences with 11D residuals (Fernandez, 1981) 0 1
Dynamic model in levels with 11D residuals (Mitchell et al., 2005) free 0
Dynamic model in 1st differences with IID residuals free 1
Dynamic model in levels with AR(1) residuals free free

To assess the quality of interpolation, Bernanke, Gertler, and Watson (1997) propose
the use two R? measures of fit. Denoting by yir the smoothed estimate of monthly GDP, and
by u/q; the same estimate of the error term u;, they consider:

) VAR(qu)
Rlevel = — —— and)
VAR(ygT) + VAR (uyr )
VAR(A/y;TT)
Rgﬁff = — .\
VAR(Ay:,T) + VAR Ay

Bernanke, Gertler, and Watson (1997) and Moénch and Uhlig (2005) claim that it is more
informative to report the R? in first differences since the same statistic in levels will always be
close to unity.

We now adapt the state-space representation in (5) and (6) to the problem of back-
casting a series for which we observe part of its realisations but not all, and where both the
target variable as well as the covariates are in the same frequency (monthly, in our case). In
some sense, this is very close to the problem worked out in Bernanke, Gertler and Watson,
and Monch and Uhlig. There, they only observe quarterly GDP for some but not all months
of the year. Their solution was to set to zero the missing observations and to impose that
the fictional observed data has a very large variance, so that this zero value is discounted
and overwritten by the Kalman-filter technique. We follow their solution here, setting to
zero all the missing observations to be back-cast. We also impose that the fictional data
has a very large variance. Also, we initialise the values of B, p, and the variance of u; in the
Kalman-filter procedure by means of an OLS regression for the overlapping period, where
we observe the variable being back-cast as well as the covariates used in back-casting it.
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Differently from Bernanke, Gertler and Watson, and Monch and Uhlig, here there is no
need to aggregate from high to low frequency. We explain further our method below.

Suppose we possess a totalof t=1, 2, ..., T, ..., T, observations on x;. However, for series
yi+, we only possess data from t = T* + 1, ..., T, with missing values from t = 1, 2, ..., T*. This
is exactly our setup for income and employment in this paper. If we set the order of the
polynomial (1—¢1L—---—¢pLP) to unity, i.e., p = 1, with coefficient ¢, recalling that now we
need not impose the time-aggregation restriction in (7), the state-space form of our
problem collapses to the following:

A DN
L Uy o P\ Ut 0 €t
y: = HE, ©)

where (8) and (9) are respectively the state and the observation equations and the matrix
H{ is time-varying, with the following format:

[1 0]t=T"+1,-,T
- (10)
[0 0], otherwise.

Notice that our back-cast problem is simpler than the interpolation problem, since we
do not have to impose high- to low-frequency constraints in the data which are present
in (5). The key to our problem lies in the choice for Hj in (10). Here, we make the latent
variable y* identical to y; for the periods in which the latter is observed (notice that there
is no error term in (9)). This has two consequences. First, the algorithm will forecast y;* to
be identical to y; for t = T* + 1, ..., T. Second, it will use the available data on employment
(income) to estimate a model and will use this model to forecast the latent variable in the
periods in which it is not observable, i.e., from t =1, 2, ..., T*. Under correct specification, this
model can produce the optimal forecasts of the latent variable consistent with all available
future information. That will be simply given by the smoothed forecast of y;*, i.e., by y{r.

4. Empirical results
4.1. Data

An important part of this paper is the choice of the variables to be included in the
coincident indicator. We follow the recent Brazilian experience: Duarte, Issler and Spacov
(2004) and Spacov (2001). For output, labelled Y;, we use industrial production, computed by
Instituto Brasileiro de Geografia e Estatistica (IBGE), and available from 1980:1. There is no
long-span sales series in Brazil, we therefore follow Duarte, Issler and Spacov (2004) and
use total production of corrugated paper in Brazil as a proxy for sales, labelled S;, which is
computed by Associacao Brasileira de Papelao Ondulado (ABPO). Employment, labelled N,
is given by the total number of persons - 10 years old or older - that have a job. It is
extracted from the Monthly Employment Survey computed by IBGE. Income is proxied by the
labour income series, labelled I;, extracted from this same Survey.

The last two series — employment and income - are only available from 2003 on, due to
a drastic redesign of the Monthly Employment Survey. Here, we back-cast these series using a
state-space representation estimated using the Kalman filter.
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4.2. The coincident series

As stressed above, one of the original contributions of this paper is to back-cast two of
the coincident series for the Brazilian economy - income and employment. We used the
techniques described in the previous section to back-cast them. In the current Monthly
Employment Survey, income is available from 2002:2 on, while employment is available from
2002:3 on.

Back-casting was conducted in two steps. First we selected the co-variate series, which
could potentially explain the variations of income or employment. These co-variates were
then used in the state-space regression, which was estimated using the framework
described above - based on the algorithm by Ménch and Uhlig (2005). Our setup allows for
several different dynamic models to be estimated, all described in Table 1, depending on
different values for the parameters ¢ and p.

We tested seven series as auxiliary regressors in the back-casting procedure, all
available for the period 1980:1 to 2007:11. They are: industrial production, output in the
process industry, corrugated paper production, car production, steel production, cement
production, energy production, and the monthly real GDP series estimated by Issler and
Notini (2008). The dependent variables and all co-variates entered in levels in the state
space representation, which is estimated in all the six different versions described in
Table 1. In addition to the co-variates listed above, our models also include eleven seasonal
dummies. Therefore, there is no seasonal adjustment prior to back-casting.

In Table 2, we present the R%; measure of fit for each model described in Table 1.

Table 2. Employment and income resulting R3; for each model

Model Employment Income
Static model in levels with IID residuals 0.4979 0.1134
Static model in levels with AR(1) residuals 0.4729 0.0425
Static model in 1st differences with 11D residuals 0.0072 0.0000
Dynamic model in levels with [ID residuals 0.0597 0.0827
Dynamic model in 1st differences with 11D residuals 0.0000 0.0000
Dynamic model in levels with AR(1) residuals 0.0000 0.0048

Our final choice of auxiliary variables and models were as follows. For employment (in
logarithms) we choose only the monthly GDP series and energy production (in logarithms)
as co-variates. For income (in logarithms), we selected only the paper production series
and cement production (in logarithms) as auxiliary variables. In both cases, the model with
the highest pZ _ and R% was the static model with i.i.d. errors.

Once the back-casting procedure was implemented, all coincident series were
seasonally adjusted using the X-12 procedure.® The results are plotted below including the
results of the back-cast series. For income and employment, the shaded areas in the graphs
below depict the actual sample in which we observe them.

All four coincident series were tested for unit roots. We used three different tests. On
a preliminary basis, we used the Augmented Dickey-Fuller (ADF) test. Initial results were
later examined in light of the results of the Phillips and Perron (1988) test and the
stationarity test proposed by Kwiatkowski et al. (1992). All four coincident series showed
signs of unit roots in testing and therefore were transformed into first differences (logs)
prior to combination into a composite index.
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Figure 1. Coincident series - in log and seasonally adjusted
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Note: Shaded areas are the actual sample.

4.3. TCB’s Coincident Index — TCB - CI,

Using (1), we constructed a coincident index consistent with TCB’s method, labelled
TCB - CI;, and plotted in Figure 2. Next, we compare the turning-point dating of this index
with that of two other indices: a monthly estimate of Brazilian GDP computed by Issler and
Notini (2008) and the composite index previously proposed by Duarte, Issler and Spacov
(2004), available until 2002:11. The latter also uses the TCB technique.

The turning points of these three composite indices were then compared using the Bry
and Boschan (1971), and the Monch and Uhlig (2005) dating algorithms, the latter being a
slightly modified version of the former. Results in Table 3 show that the current dating
using the TCB method yields results closer to the dating in Duarte, Issler and Spacov than
to the dating of Brazilian monthly GDP. The most striking differences appear in the dating
of the 1991 recession. The dating of Duarte, Issler and Spacov and of GDP encompass two
recession episodes into one as compared to the dating of TCB - CI;. It is also noteworthy
that GDP misses the two last recessions as dated by TCB - CI; and by Duarte, Issler and
Spacov.®

Given the results in Table 3, we can compute how frequent Brazilian recessions are.
From 1980-2007:11 we have a total of nine recessions. On average, we observe in this period
one recession at approximately every 3 years and 3 months, which is substantially more
frequent than the US historical average of one recession about every five years. Recessions
in Brazil also last longer than US recessions: while ours last about 12 months, on average,
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Figure 2. Coincident index - Shaded Bry-Boschan turning points
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Table 3. Turning-point comparisons using Bry-Boschan dating
Peak dates Through dates

TCB- Cly Duarte et al. Brazilian GDP TCB - Cly Duarte et al. Brazilian GDP
1980:10 NA 1981:09 NA 1981:11
1982:07 1982:6 1983:02 1983:10 1983:02
1987:02 1987:04 1988:3 1988:10 1989:02 1988:10
1989:06 1989:08 19896 1990:04
1991:07 1991:12 1991:03 1991:12
1994:12 1995:03 1994:12 1995:07 1995:09 1995:07
1997 10 1997:10 1997:10 1999:02 1999:02 1999:01
2000:12 2001:09
2002:10 2002:4 2003:06

Notes: The analysis in Duarte et al. (2004) starts in 1982:05, therefore could not have dated the recession of 1980.
Brazilian GDP dating uses the monthly series constructed by Issler and Notini (2008).

US recessions last typically from six months to one year, on average (in our sample period
here - 1980:1 to 2007:11 — US recessions lasted, on average, nine months). Indeed, Duarte,
Issler and Spacov (2004) make the point that this behavior may be due to hardships that the
Brazilian economy has endured in the post-1980 era, where GDP growth declined form
about 7% a year in real terms prior to 1980 to about 2.2% a year after 1980.

Table 4 lists Brazilian recessions from 1980:1 to 2007:11 when the dating of turning
points is made using the modified Bry and Boschan technique proposed by Mdénch and
Uhlig (2005). The latter takes into account asymmetry differences in peak and through
dating, which may be at work to explain the difference in dating between the Bry and
Boschan and the Monch and Uhlig method. Here, the dating of peaks in TCB - CI; is identical
to that in Brazilian GDP, whereas the dating of throughs is almost identical.

Taking into account the overall results of the dating exercise shows that the back-
casting of income and employment proposed in this paper has the following properties:
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Table 4. Turning-point comparisons using Monch and Uhlig dating

Peak dates Through dates
TCB- Cly Duarte et al. Brazilian GDP TCB~Cl; Duarte et al. Brazilian GDP
1980:10 n.a 1980:10 1981:09 na. 1981:11
1982:07 1982:07 1983:02 1983:02
1987:02 1987:04 1987:02 1988:10 1989:02 1988:10
1989:06 1989:08 1989:06 1990:04 1990:04
1991:07 1991:07 1991:12 1991:12 1991:12
1994:12 1994:12 1994:12 1995:07 1995:9 1995:07
1997:10 1997:10 1997:10 1999:02 1999:02 1999:01
2000:12 2000:12 2000:12 2001:09 2001:9 2001:09
2002:10 2002:10 2003:06 2003:03

Notes: The analysis in Duarte et al. (2004) starts in 1982:05, therefore could not have dated the recession of 1980.
Brazilian GDP dating uses the monthly series constructed by Issler and Notini (2008).

i) generates sensible results for those series in the back-cast period, ii) generates a sensible
composite coincident index of economic activity. The latter is able to approximate
reasonably well the turning points of monthly GDP and those of the TCB index using the
retired income and employment series in Duarte, Issler and Spacov (2004). Of course, there
are more similarities in turning-point dating when dating uses the technique proposed by
Monch and Uhlig.

Because of these results, we believe that the strategy we chose in this paper to
construct a long span time-series for the Brazilian coincident indicator was the best
possible. Despite of our belief, we have also considered an alternative exercise: chaining
the current employment and income series with their respective series retired by IBGE. The
results of the latter, in terms of dating Brazilian cycles, were inferior to that of the back-cast
series. For example, in terms of the Quadratic Probability Score (QPS), which measures the
in-sample frequency of erroneous dating, when we take the GDP dating as a benchmark,
our technique produced QPS = 0.26, while the chained series produced QPS = 0.34. Similar
results were obtained when we consider only recession periods as dated by monthly GDP.
What probably explains the superior dating of our chosen technique was that the redesign
of the Monthly Employment Survey was drastic. Hence, chaining was done using two
completely different series.” Indeed, we observe also an increase in “incorrect” dating
when chained-series coincident indicators are evaluated vis-a-vis the dating in Duarte,
Issler and Spacov.

Finally, we link our dating of Brazilian recessions with economic episodes in Brazil
and/or abroad, trying also to identify in each recession, the most important factor for its
occurrence and the transmission mechanism from factor to the four series in the
coincident index. The recession in 1980-81 can be linked to the increase in interest rates by
the FED in the early 1980s - which was later responsible for the emerging-market (mostly
Latin America) debt crisis. The 1982-83 recession is related to the Latin American debt
crisis, where international credit to these economies came to a halt after the Mexican
moratorium in 1982. In these two recessions, there was an external factor at work. In 1980-81,
this external factor was the increase of foreign interest rates, which reduced domestic
demand and economic activity. In 1982-83, due to the Mexican Moratorium, there was a
halt to international lending to Brazil as well as capital flight abroad, both working towards
reducing economic activity domestically.
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The next three recession were “home made”: 1987, 1989, 1991. In them, the Brazilian
government could not curb high inflation with many unsuccessful economic plans, which
had in common the absence of long-term fiscal discipline. In all of them, a sudden
transitory contraction of the money supply was observed, which could not be sustained in
the long run due to the lack of fiscal discipline.

After the Real Plan, in July 1994, inflation was finally controlled and most recessions
are again related to events abroad, which generated capital flight and thus prompted a
sudden rise in domestic interest rates as a reaction to keep foreign capital in domestic
markets. The Mexican crisis in 1994 affected Brazil and other emerging markets. In 1997-98,
the Asian, the Russian, and the Brazilian crises had similar effects here and in other
emerging markets. On these three occasions domestic interest rates risen to very high levels,
leading to a reduction in domestic economic activity. In 2000-01 our local energy-supply crisis
(electrical energy) was responsible to an economy-wide crisis, while in 2002-03
international markets were nervous with Brazilian high indebtness and a newly elected
“left-wing” president.

4.4. The composite leading indicator

Here we propose and evaluate the tracking performance of ten different leading
indices vis-a-vis the coincident index proposed in the previous section. This is done in two
different ways. The first is a typical in-sample analysis and comprises the whole period
1980:1 to 2007:11. Such an exercise is of limited practical importance, since it does not take
into account the usual lags in data releases and the fact that dating algorithms, such as
Bry-Boschan, requires at least six months ahead of data to detect a recession today. In
order to track closely their future use as leading indicators, we also devised an out-of-
sample exercise where leading indices were recursively computed using the most recent
observations available and were forecast six months ahead in order to date the current
state of the economy (recession vs. expansion). The latter is then confronted to the
realisations of the future coincident index using the QPS statistic. In this second exercise,
we use the period 1980:1 to 1994:12 as a starting point to compute weights of the series in
the leading indices. From 1995:1 to 2007:11, these leading indices have their tracking
performance evaluated vis-a-vis the coincident index.

4.4.1. Data properties and evaluation methods

The selection of a leading indicator index involves three steps: i) select an appropriate
indicator as a measure of economic activity to be targeted, also called a reference series;
ii) select appropriate economic and financial indicators as predictors of the turning points
of the reference series; and, iii) combine the selected leading series in order to construct a
composite leading index. We search for series to be in the leading indices that satisfy the
following conditions: a) are observable at a monthly frequency for the period 1980-2007:11,;
b) which have timely data releases and small revisions regarding final data figures.

Recent research has shown that business-tendency survey data are particularly
suitable for business cycle monitoring and forecasting. Business tendency surveys are
conducted in all OECD member countries and have proved to be a cost-effective means of
generating timely information on short-term economic fluctuations. In Brazil, Getulio
Vargas Foundation (FGV) is a pioneering institution that computes surveys of economic
activity. These include a survey of consumer expectations and another on business
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expectations on industrial production and related series: inflow of new orders, level of
book orders, stocks of finished goods, etc.®

From the FGV survey series and other Brazilian databases (IBGE, IPEADATA, and the
Central Bank), we selected 44 series that are candidates of being leading series in leading
indices. Our choice was guided by the international experience (Stock and Watson, 1989, 1993)
and also by local experience (Duarte, Issler and Spacov, 2004).

All leading nominal series were deflated to reflect their purchasing power as of
March, 2008. The deflator used was the Brazilian General Price Index “IGP-DI” - calculated
by FGV. All series denominated in foreign currency were converted into Brazilian Reais at
the prevailing exchange rate and subsequently deflated. All series were logged, unless logs
could not be taken of the original series (potentially zero or negative figures). All series
were also seasonally adjusted prior to the analysis using the X-12 procedure, whenever a
seasonal pattern in them was detected.

With the exception of the survey-tendency series, all leading series were tested for
unit roots. Survey series are bounded series by construction, which is theoretically
inconsistent with the presence of unit roots in them. To test for unit roots we used the
Augmented Dickey-Fuller (ADF) test, the Phillips and Perron (1988) test, and the stationarity
test proposed by Kwiatkowski et al. (1992). All series with a unit root were transformed into
first differences (logs) prior to forming a composite index.’

In order to measure the quality with which a leading series correctly anticipate the
“state of the economy” implied by the coincident series (recession or expansion), we use a
criterion originally proposed by Diebold and Rudebusch (1990), and later employed by
Zhang and Zhuang (2002) and Gallardo and Pedersen (2007). The Quadratic Probability
Score, labelled as QPS (h), is given by:

Z (R —Re)’ (11)
QPS(h) =1 T

where P; denotes the predicted state outcomes from a candidate leading indicator and R;
denotes the observed state outcome of the reference series. Both are equal to one for a
recession and zero otherwise; T is the total number of sample observations, while h is the
horizon in which the leading series potentially predicts the reference series. By
construction, the value of QPS (h) ranges between zero and one, with zero indicating a
perfect fit for the the “state of the economy” of the reference series h periods in advance.

Next, we describe the basic criteria used to select the leading series that will compose
our index. First, for each series, we calculate the optimum (minimum) QPS (h) value,
denoted by QPS (h*), where h* is the resulting optimum lag. To be a leading series candidate,
the series must have h* > 0 in QPS (h*). This means that the series is leading - not lagging or
coincident to — the reference series. Second, we apply Granger (1969) causality tests in
order to examine whether the leading series precedes the reference series. We expect that
a leading series Granger-causes the reference series but is not Granger-caused by it.

In the Appendix, Table Al. shows the QPS (h*), h*, and Granger-causality test results.
The majority of the potential leading series do not Granger cause the coincident series. The
exceptions are some FGV survey series, in addition to the Central Bank’s basic interest
rate (SELIC) and the Brazilian Stock Market Index (IBOVESPA). From them, IBOVESPA
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shows promise, since its QPS (h*) = 24.5%, and h* = 5. This means that, when we take the
IBOVESPA index, with a lag of five months vis-a-vis period t, it correctly predicts 75.5% of
the “state of the economy” as measured by the peak and through behaviour of our
composite index. A slightly worse result in observed to the survey series on the production
of real-estate inputs — QPS (h*) = 25.1%, and h* = 1.

The QPS (.) statistic has only three series with values between 10% and 20% -
intermediate-good production, consumer-good production, and inventories, and a few
between 20 and 30%. The intersection of the two criteria above - “Granger causality” and
“low QPS (h)” - only has the IBOVESPA index and the production of real-estate inputs.
Across all potential leading series the mean lag is 3, but the median and modal lag are 1.
There are several interesting series which have h’ > 1 and a relatively low QPS (h*): the FGV
survey series on inventories (QPS (h*) = 17.6%), the IBOVESPA index (QPS (h*) = 24.5%), as well
as a myriad of other FGV survey series.

4.4.2. In-sample analysis

Next, we present 10 ad-hoc criteria to select series to be in a leading index. The basic
idea is that we want h” to be high, QPS (h) to be low, and that a leading series Granger-
causes the reference series but is not Granger-caused by it. We also investigate whether a
series that has low h*, with low QPS (h*), would also have a relatively low QPS (h) for higher
values of h. The 10 criteria we chose were:

1. Select all series possessing QPS (h) less than 0. 4 and positive optimum lag.
Select all series possessing QPS (h) less than 0. 4.

Select all series that satisfied the Granger causality test criterion.

Select all series in the intersection between the first and third criterion.
Select all series in the intersection between the second and third criterion.
Select all Survey series that satisfied the Granger causality test criterion.
Select the five series in Table A1l. that have the lowest QPS (h) value.

Select the series for which h* is between two and seven months and QPS (h*) < 0.3.

0 N O Ve WD

Select the series for which h* is between two and seven months.
10. Select survey series for which QPS (h*) < 0.3.

Given these criteria, we computed 10 different composite leading indices of economic
activity, labelled Ll 1=1,2, .., 10. We chose to combine leading series into the composite
index using a counterpart of equation (1) - equal weights on standardised growth rates of
the leading series.!°

Table 5 lists the values of QPS for each criterion listed above, computed for the
optimum lag, i.e., QPS (h*).

From the results in Table 5, LI;; stands out as a candidate of composite index. All
leading series in it have their QPS (h*) between 11.04% and 23.28%. Despite that, the
composite index has a QPS (h*) = 10.15% — lower than the smallest QPS (h”) of the series in
it. Although the QPS (h") statistic shows that LI, ; appropriately dates the state of the
economy about 90% of the time, its optimal h is rather small - just one month, on average.
If we compute by how many months the leading series LI; ; leads TCB - CI; in peaks and
throughs we get the following results: by 2.5 months for peaks and by 0.37 months for
throughs. Thus it does a much better job in anticipating peaks.
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Table 5. Leading indices: QPS (h*) computed using Ménch and Uhlig’s method

Series Description QPS (h*) h*
Ll 4 h*>0and QPS< 0.4 0.1910 1
Lh QPS<0.4 0.1612 1
Ll Series that Granger cause the Coincident Index 0.2478 1
Lly¢ Granger cause, h > 0 and QPS < 0.4 0.2358 3
Ll5,¢ Granger cause and QPS< 0.4 0.2328 1
Llg,¢ Granger cause (FGV survey series only) 0.2657 1
Lk The five series which have the lowest QPS 0.1015 1
Ll h* between 2 and 7 and QPS< 0.3 0.2507 4
Ly h" between 2 and 7 (FGV survey series only) 0.2866 3
Ll t QPS < 0.3 (FGV survey series only) 0.2507 3

There are other leading indices with a higher h* in Table 5, but they all have a QPS (h*)
statistic thatis at least two and a half times those of that of LI ;. If we constrain the QPS (h*)
statistic to be below 20%, there are two other composite indices that also fare relatively
well: indices LI, ; and LI, ;, which can be considered as an alternative to LI; ;, especially if we
take into account the fact that LI; ; does not perform well in terms of through prediction.
For example, while LI; ; predicts throughs with a very small average lead of 0.37 months,
L1, ; leads TCB - CI; by 2. 25 months on average.

4.4.3. Out-of-sample analysis

In the out-of-sample exercise, we used the period 1980:1 to 1995:1 as a starting point
to compute weights of the series in the leading indices. For 1995:1, and each candidate
leading index, we estimated an AR(1) model to forecast all leading indices six months
ahead in order to date whether 1995:1 was either a recession or an expansion period.*! We
re-balanced the weights for 1995:2 using data until then, and repeated the forecasting
exercise dating whether 1995:2 was a recession or an expansion period. This recursion
ended in 2007:11. As a result, for each leading index, we have a sample of states for the
economy dated from 1995:1 to 2007:11. These were confronted to the realizations (observed
states of the economy) of the coincident index computed in the previous section. The
distance between each leading index and the coincident index was computed using the
QPS statistic, h* periods ahead. Table 6 contains the QPS (h) results for the 10 candidate
leading indices of this exercise.

In Table 6, using the AR(1) model as a benchmark to forecast leading indices out of
sample, we find QPS (h*) statistics which are higher than those in Table 5 (in-sample
exercise). This is expected, since in the previous exercise there was no forecasting
uncertainty in predicting the state of the economy. Also, the sample is not the same in both
exercises: 1980:1-2007:11 versus 1995:1-2007:11. Trying to reproduce the results in the
previous section for 1995:1-2007:11, we simply computed non-recursive weights for the
latter -last three columns of Table 6. To see the effect of forecasting on final results we
computed recursive weights with no forecast.

When using the AR(1) model to forecast the state of the economy, the smallest QPS (h*)
statistic is attained by LI, ;, followed by LIg ;, with LI, ; and Llg,; tied in 3rd place. The exercise
with recursive weights and no forecast produces a reduction of the all QPS (h') statistics of
roughly 20%, whereas using non-recursive weights reduces it by about 40%. Finally, Table 6
presents confidence bands for all QPS (h*) statistics, showing that, with three exceptions
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Table 6. QPS (h*) for leading indices - recursive analysis results

) Rec. weights, AR(1) Rec. weights, no forecast Non-recursive weights
sertes QPS (h*) 95% conf. int. QPS (h*) 95% conf. int. QPS (h*) 95% conf. int.
Ll 4 0.3247 (0.203, 0.446) 0.2727 (0.160, 0.385) 0.1883 (0.092, 0.284)
Ll 0.3506 (0.224, 0.476) 0.2792 (0.164, 0.394) 0.1688 (0.078, 0.259)
iy 0.4026 (0.269, 0.535) 0.3117 (0.184, 0.439) 0.2402 (0.122, 0.358)
Lly 0.3571 (0.232, 0.481) 0.2792 (0.165, 0.393) 0.1233 (0.043, 0.203)
Lls ¢ 0.3896 (0.255, 0.523) 0.3312 (0.199, 0.463) 0.2272 (0.111, 0.342)
Llg s 0.3333 (0.219, 0.446) 0.2876 (0.170, 0.404) 0.1710 (0.072, 0.269)
Ll ¢ 0.3831 (0.268, 0.498) 0.2338 (0.120, 0.347) 0.1753 (0.083, 0.266)
Llg 0.3506 (0.235, 0.465) 0.2727 (0.157, 0.388) 0.2565 (0.138, 0.374)
iy 0.4575 (0.325, 0.589) 0.3922 (0.263, 0.521) 0.2941 (0.173, 0.415)
Lho 0.3571 (0.230, 0.483) 0.2857 (0.167, 0.404) 0.2565 (0.138, 0.374)

Notes: In the first four columns, weights of the series in each leading index are computed recursively and the AR(1)
forecast model is used to predict 6-months ahead for each leading index. This allows dating whether or not there is
a recession in period t. The next three columns lists results when weights of the series in each leading index are
computed recursively but we do not forecast 6-months ahead for each leading index, rather using their
realisations 6-months ahead to date whether or not there is a recession in period t. The final three columns lists
results when weights are computed for the whole sample and no forecast is used to detect whether or not there is a
recession in period t. Robust SE are computed in constructing 95% confidence bands for QPS(.), where the procedure
proposed by Newey and West (1987) was employed. Values for h*are given in Table 5.

(LI3, Llst, and Llgy), 50% is not in the 95% confidence interval. This is an important
benchmark in this case, since it is equivalent to tossing up a coin to decide on the state of
the economy.

All and all, considering the whole evidence in Section 4.4, we choose LI; ; to be our
composite leading index of economic activity. First and foremost, our choice is supported
by a QPS value of 32.47% in the out-of-sample exercise, whereas its QPS statistic reduces to
27.27% if we do not have to forecast this leading index six months into the future. From a
practical point-of-view, if someone uses this leading index to predict the state of the
economy in the near future (h’ periods ahead) they will make an accurate prediction of the
state of the Brazilian economy in roughly 70% of the time. Second, with much smaller
weight, we also took into account its relatively good results for the in-sample analysis in
the previous section.

The performance of LI; ; can be attributed to some of its components: series highly
correlated to the international economic activity (e.g., terms of trade, exports quantum and
prices, etc.), which we previously identified as key factors determining many recessions in
Brazil. Moreover, it also contains some key financial variables such as stock-market index
in Brazil (IBOVESPA) and M1, as well as some important credit variables (SPC).

Finally, an alternative to use LI; ; as a leading index could be the use of Llg;, or LI ; or
Llg; The first includes only series that Granger cause the coincident index but are not
caused by it, which perhaps suggests that we should pay more attention to Granger-
causality tests in choosing series to be in a composite leading index.

5. Conclusion

This paper has three original contributions. First, by back-casting current employment
and income series for Brazil, we allow business-cycle research in Brazil to resume using
methods inspired in TCB and NBER, which proved valuable after the comparison made by
Duarte, Issler and Spacov (2004). Indeed, the main challenge of Brazilian business-cycle
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research was to be able to form a long enough coincident index with the usual series used
in the TCB method - industrial production, sales, income and employment. Here, we
devoted a great deal of effort in reconstructing employment and income using a novel
flexible state-space representation based on the interpolation method of Bernanke,
Gertler and Watson (1997) and Monch and Uhlig (2005).

Once we obtained a long enough span of the usual series used in the TCB method, we
compute a new composite coincident index of Brazilian economic activity. Its dating of
recessions is compared with those in Duarte, Issler and Spacov and with those implied by
the monthly GDP estimate computed by Issler and Notini (2008).

Our last contribution is to propose a composite leading index of economic activity to
track our composite coincident index. This is an important topic here, since Brazilian
research had focused mainly on the construction of coincident indices. After a wide
empirical search, we settled for a composite index (LI ;) that predicts correctly the state of
the economy (expansion vs. recession) about 70% of the time. This is achieved in a
recursive exercise, where we forecast the next six months of the leading index in order to
date whether or not the economy was in recession today.

Notes

1. Regarding Brazilian data, the evidence in Duarte, Issler and Spacov (2004) and in Hollauer, Issler
and Notini (2009) concurs with this positive assessment for TCB index.

2. See also Hoover (1988), Biddle (1994), and Simkins (1999).

3. As is well known, the TCB coincident series is computed recursively. Also, it does not use
instantaneous growth rates of the coincident series in it. Equation (1) serves merely to illustrate
the method in a simplistic way.

2

4. Note that the aggregation of monthly GDP can also be made averaging the Y, ie., as Vi = % z Visi.
i=0

5. The seasonal adjustment method adopted was the X-12 Reg-ARIMA 0.3 method (US Census
Bureau, 2007). Indeed, changing the seasonal adjustment method changes very little the final
results in this paper.

6. This behavior — GDP missing the last two recessions - vanishes if one uses the modified Bry-Boschan
dating method proposed in Ménch and Uhlig (2005) to date all three indices.

7. Another alternative would be to only use industrial production and sales to construct the
composite index up to 2002:2, and then use the four usual series from 2002:3 onwards. This
procedure would probably induce structural changes in mean and variance of the composite index
after 2002:3.

8. The FGV survey series are computed on a quarterly frequency up to September 2005. From then on,
surveys were then conducted on a monthly basis. Therefore, there is the need to interpolate the
data on quarterly frequency to have a homogeneous series on a monthly basis. Our interpolation
method was, again, M6énch and Uhlig’s (2005).

9. ADF unit-root test results other test results are available upon request.
10. Only series that had a unit root in testing where first differenced. Stationary series where used in levels.

11. We have done the same procedure with a ARMA (1,1) model and the with the best ARMA(p,q)
model chosen by the AIC. Results using the AR(1) are superior in almost all cases and differences
in results are of no practical importance.
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Appendix

Table Al. Leading series QPS(h*) and Granger causality

Leading Optimum h* Min QPS-QPS(h*) Granger causes
BASE_R 1 0.4567 B
DEMGLOB 3 0.2806 B
DEMPREV 4 0.2866 B
EXP_R 7 0.3642 N
EXP_QUANTUM 12 0.3104 N
HPP 1 0.4299 B
HTP 1 0.3940 N
IMP_R 1 0.3761 N
IPA_R 11 0.5164 N
M1_R 1 0.3373 C
NUCI_BC 1 0.3463 C
NUCI_BK 1 0.3134 C
NUCI_MC 1 0.2507 C
PO 1 0.4090 N
PRODAUTO 1 0.2149 B
PROD_BC 1 0.1254 B
PROD_BCND 1 0.2328 N
PROD_BI 1 0.1104 N
PROD_BK 1 0.3463 N
PRODINDT 1 0.3104 N
ESTOQUES 2 0.1761 B
IBOV_R 5 0.2448 C
ICMS_R 1 0.3134 B
INPC_R 5 0.4776 N
NUCI_BR 1 0.2746 B
NUCIFIESP 1 0.2478 B
PROD_BCD 1 0.2746 N
PROD_CAM 1 0.2627 N
PRODONI 1 0.4179 N
PRODPREV 3 0.2507 N
PRODVEI 1 0.3224 N
SAL_R 1 0.3761 N
NUCI_BI 1 0.3224 B
CAMBIO_R 12 0.6000 B
EXP_PRECOS 3 0.3881 N
IMP_PRECOS 10 0.5045 N
SELIC_R 11 0.5821 C
TTROCA 2 0.3642 N
DEMEXT 6 0.3164 N
DEMINT 2 0.2746 B
DEMPREVEXT 4 0.3463 N
DEMPREVINT 4 0.2716 B
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Table Al. Leading series QPS(h*) and Granger causality (cont.)

Leading Optimum h* Min QPS-QPS(h*) Granger causes
IMP_QUANTUM 1 0.3343 N
SPC 1 0.2537 B

Notes: i) Statistics QPS(h*) and h* are computed in accordance with the description of the equation (11) in the text.
i) in the Granger causality test, the symbol C means that the leading series Granger cause at least three out of four
series that make up the coincident index with the reciprocal is not true. The symbol B means bi-directional
causality in the Granger causality test. The symbol N indicates that the leading series not Granger cause the
coincident series. The level of significance was set at 5% in these tests and the number of lags tested was set at 3,
6, 12. To compute the results of the Granger test it was considered the existence of causality in at least one of these

lags.
Table A2. Leading series
Series name Description Source Series Name Description Source
BASE_R Monetary base Bacen NUCI_BR Survey of manufacturing industry FGV
SELIC_R Selic interest rate Bacen NUCI_BC Survey of consumer goods industry FGV
M1_R M1 money stock Bacen NUCI_BK Survey of capital goods industry FGV
IBOV_R Ibovespa index Bovespa | NUCI_MC Survey of construction materials FGV
industry
EXP_PRECOS Exports prices Funcex | NUCI_BI Survey of intermediaries goods FGV
industry
EXP_QUANTUM  Quantum of exports Funcex DEMINT Survey of industry — Level of internal FGV
demand
EXP_R Exports (FOB) Funcex | DEMEXT Survey of industry — Level of external FGV
demand
TTROCA Terms of trade Funcex DEMPREVINT  Survey of industry — Internal demand FGV
forecast
IMP_PRECOS Imports prices Funcex | DEMPREVEXT  Survey of industry — External demand FGV
forecast
IMP_QUANTUM  Quantum of imports Funcex | DEMGLOB Survey of industry — Level of global FGV
demand
IMP_R Imports (FOB) Funcex | DEMPREV Survey of industry — Global demand FGV
forecast
CAMBIO_R Exchange rate Bacen EMPPREV Survey of industry — Employment FGV
forecast
NUCIFIESP Manufacturing industry Fiesp ESTOQUES Survey of industry — Level of FGV
inventories
PROD_BC Production — Consumer goods IBGE/ PRODPREV Survey of industry — Production FGV
PIM forecast
PROD_BCD Production — Consumer durable IBGE/ FALENCIAS Bankruptcy — Sao Paulo capital SP
PIM State
PROD_BCND Production — Consumption and non IBGE/ IPA_R Ratio: PPI to general price index FGV
durable PIM
PROD_BI Production — Intermediate goods IBGE/ SPC Credit rating checks ACSP
PIM
PROD_BK Production — Capital goods IBGE/ INPC_R National Consumer Price Index IBGE
PIM
PRODINDT Industrial production — processing IBGE/ ICMS R ICMS taxes Confaz
industry PIM
PRODONI Production — buses IBGE/ HTP Hours worked in production —industry ~ Fiesp
PIM
PRODVEI Production — vehicles Anfavea | HPP Hours paid — industry Fiesp
PRODAUTO Production — motors Anfavea | PO Staff employed — industry Fiesp
PRODCAM Production — trucks Anfavea | SAL_R Nominal Salary — industry Fiesp
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Table A3. Leading series in leading indices 1-10

e [/;. DEMGLOB, DEMPREV, EXP_R, EXP_QUANTUM, IMP_R, M1_R, PRODAUTO, PROD_BC, PROD_BCND, PROD_BI, PROD_BK, PRODINDT,
ESTOQUES, IBOV_R, ICMS_R, PROD_BCD, PRODPREV, EXP_PRECOS, TTROCA, DEMEXT, DEMINT, DEMPREVEXT, DEMPREVINT, SPC.

e Lhk: DEMGLOB, DEMPREV, EXP_R, EXP_QUANTUM, IMP_R, M1_R, NUCI_BC, NUCI_BK, NUCI_MC, PRODAUTO, PROD_BC, PROD_BCND,
PROD_BI, PROD_BK, PRODINDT, ESTOQUES, IBOV_R, ICMS_R, NUCI_BR, NUCI_BI, EXP_PRECOS, TTROCA, DEMEXT, DEMINT,
DEMPREVEXT, DEMPREVINT, IMP_QUANTUM, SPC.

e Ll3. BASE_R, M1_R, NUCI_BC, NUCI_BK, NUCI_MC, IBOV_R, NUCI_BI, CAMBIO_R, SELIC_R, DEMEXT.

e Llg M1_R, IBOV_R, DEMEXT.

e Lls. M1_R, NUCI_BC, NUCI_BK, NUCI_MC, IBOV_R, NUCI_BI, DEMEXT.

e Llg: DEMGLOB, DEMPREV, IBOV_R, PRODPREV, DEMPREVINT.

e Lk PROD_BI, PROD_BC, ESTOQUES, PRODAUTO, PROD_BCND.

* LIgDEMGLOB, DEMPREYV, IBOV_R, PRODPREV, DEMEXT, DEMPREVINT.

e Lly: DEMGLOB, DEMPREV, PRODPREY, DEMEXT, DEMPREVINT, DEMPREVEXT.

¢ Llo: DEMGLOB, DEMPREV, ESTOQUES, NUCI_MC, PRODPREV, DEMINT, DEMPREVINT, NUCI_BR.
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HEURISTIC MODEL SELECTION FOR LEADING INDICATORS IN RUSSIA AND GERMANY

1. Introduction

For many OECD countries, indicators based on business surveys became a standard
tool for the analysis and forecasting of business cycles and for assessing models of
expectation formation. Recent contributions and reviews on this literature include
Chamberlin (2007), Claveria et al. (2007) and Goggin (2008). These indicators are also
important as information on the current status of the economy given the publication delay
of data on GDP or — with a smaller time lag - industrial production (Hifner and Schroder
2002, p. 317). Such information is of particular interest in periods of a rapid changing
economic environment like the financial market crisis starting in 2008 or for economies in
transition. For these reasons, business tendency surveys (BTSs) are conducted in an
increasing number of countries mostly on a monthly basis. While in the late 1960s there
were about 30 indicators from such surveys, which were available only for the main OECD
countries, today, the number of these indicators exceeds 300, which cover more than fifty
countries (Nardo, 2003, p. 645) including also economies in transition like Brazil, China,
India and Russia (Nilsson and Brunet, 2006).

For Germany - as for other industrial countries - there is a large body of empirical
evidence that models forecasting industrial production (IP) or real GDP, which include
BTSs, outperform forecasts of univariate time series models (Hiifner and Schréder, 2002;
Kholodilin and Siliverstovs, 2006). Similar evidence can be found for other OECD countries
(Ozyldrim et al., 2010; Carstensen et al., 2011). For Russia, in contrast, there is less evidence
on the usefulness of BTSs in forecasting IP or other aggregate measures of output (one
exception is presented by Nilson and Brunet, 2006). Possible reasons for that may be a
relatively short history of the surveys in the country and the fact that the expectations of
Russian managers are “poorly calibrated” in a sense that Russian managers systematically
overestimate their business situation, resulting in over optimistic forecasts (Aukutsionek
and Belianin, 2001).

We use recent BTS-data for Germany and Russia to compare the relative information
content. For Germany we consider the business expectation indicator taken from the Ifo
business cycle survey. For Russia, a similar indicator of expected future production is
provided by both the Institute for the Economy in Transition (IET) and the Federal State
Statistics Service (Rosstat). Our focus is on comparing the contribution of these indicators
in modelling dynamic adjustment and forecasting IP. The modelling framework used are
VAR models for constructing impulse response functions and unconditional forecasts,
while a naive forecast and AR(p) processes serve as benchmarks.

Using the VAR modelling framework, we can avoid certain problems like simultaneity
bias. As the potential number of lags included based on information criteria (IC) is large, we
compare full-specified VAR models with subset models obtained using a Genetic Algorithm
(GA) (Alberto et al., 2010; Savin and Winker, 2012) allowing for “holes” in multivariate lag
structures.
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The focus of this work is threefold. First, it presents an application of a VAR modelling
framework with BTSs on the example of Russia as an economy in transition and
its comparison with Germany. Since none of the aforementioned authors analysed
BTS-indicators on their forecasting performance during a recession period,! the second
contribution is to determine whether BTSs in both countries provide useful information
before and during the recent crisis. Third, we illustrate the more flexible subset selection
strategy based on GA (and the resulting advantages) in comparison to the standard
approach for short time series data.?

The rest of this paper is structured as follows. Section 2 presents the database for both
countries and the VAR modelling framework used. Results of model specification and
forecasting with the standard (“take all up to the p-th lag”) approach are reported in
Section 3. Section 4 presents the heuristic algorithm for subset model selection and
compares its results with the standard procedure. Section 5 concludes with a short
summary and an outlook to further research.

2. Data and modelling framework
2.1. Data description

The statistical indicators used in the following are obtained through BTSs conducted
in Germany and Russia. The surveys are collected on a monthly basis and are usually
available before the end of the respective month.3

The business cycle indicators for Germany are derived from the Ifo business cycle test
conducted first in an experimental phase in 1948. Since only the early 1960s, also the
diffusion index is calculated (Strigel, 1965). It is published on a regular base by the
Ifo Institute (Munich) since the early 1970s (Strigel, 1997). The sample includes about
7 000 enterprises with half of them representing the manufacturing sector. The response
rate is around 85%. The Ifo BTSs, e.g., business climate and business expectation, have been
extensively studied in the literature demonstrating their ability to improve forecasts of the
German IP, real GDP and some monetary indicators (e.g., Langenmantel, 1999; Flaig, 2003;
Mittnik and Zadrozny, 2005).

For Russia we consider the information collected both by the Institute for the Economy
in Transition (IET) and the Federal State Statistics Service (Rosstat), combining them in one
data set. This is necessary due to the limited data availability with regard to the BTSs. From
IET the data is available for the period 02/1999-09/2009,* whereas the data of Rosstat is
available since 07/1997, but has a structural break for the entire year 2005.5 Hence, for the
period 02/1999-12/2005 we use the IET data and for 01/2006-09/2009 Rosstat data. The
coverage of the IET survey is relatively wide: with 227 administrative regions and
307 towns. Data are sampled for 1200 enterprises from all major industries with a
response rate of about 65% (Tsukhlo, 2005). The coverage of the Rosstat is even larger (over
4 000 companies) from all major industries and all Russian regions.®

Because of the limited data availability for Russia we consider the period 02/1999-09/
2009, leaving one or two years for an out-of-sample forecast analysis between 11/2006 and
09/2009. Thus, we consider the forecasting performance of our models both prior and
during the crisis.” By restricting our data set in this way, we avoid to take into account the
potential structural breaks due to reunification in 1990 and introduction of the Euro in 1999
for Germany and the period of financial crisis in Russia in 1998.
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Considering Russia and Germany allows us to compare the relative performance of BTSs
for a country in the process of transition, which collects this type of data only for around ten
years, with an industrial country being one of the pioneers in using business survey data.

The business expectation from the Ifo survey refers to a planning horizon of six
months according to the questionnaire. The indicator of future production for Russia (both
IET and Rosstat) is calculated in a similar way, but with a time horizon of only three
months. Obviously, this difference in the time horizon considered might result in
differences of the dynamic adjustment in a VAR model setting (see Section 3).

We also refer to the business climate indicator in our analysis. It is calculated as an
arithmetic mean of the results (balances) for the three questions related to production,
total demand and finished goods stocks tendencies (with negative weight) for Russia, while
a geometric mean of the present and future business situation is used for Germany (for
further details see OECD, 2003). Thus, in contrast to the business expectations, these
indicators can be referred to as composite leading indicators (see among others, Goldrian
[2007]). The upper plot of Figure 1 shows the monthly IP growth rates (left axis) together
with the business expectations and business climate perception (right axis) for Germany
(left panel) and Russia (right panel). It can be observed that BTSs in both countries were
predicting the drop in IP for 2008. Considering yearly growth rates (lower plot of Figure 1)
one can conclude that for Germany leading indicators started to predict a drop in IP even
earlier. Furthermore, it is remarkable that the business expectations indicator for Russia is
almost always higher than the business climate index (upper left plot), whereas for
Germany there is no systematic margin between the two indicators.

Figure 1. BTSs and IP growth rates for Germany and Russia
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An important difference between the Russian and German data is found with regard
to the treatment of seasonal variation. While Ifo asks its correspondents to provide
seasonally adjusted estimates, both IET and Rosstat do not require this correction. As a
result, the BTS indicators in Russia have a strong seasonal component (see Figure 1, right
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panel, dashed lines). Furthermore, the figure exhibits that the seasonal pattern changes
over time and becomes more pronounced from 2004 onward. Interestingly, if we consider
data collected by the OECD available only up to 06/2007 (meanwhile the OECD statistical
service terminated the data collection for Russia), a similar seasonal pattern is also
observed for the period from 1995 to 2004. So far, we are not able to explain this surprising
change in the seasonal pattern.®

Because the data on the Russian BTSs is not seasonally adjusted, we will also consider
the IP indices for both countries as not seasonally adjusted. First, it will provide a more
consistent basis for the comparison between the two countries. Second, instead of using
some a priori methods of seasonal adjustment, which might have unwelcome side effects,
e.g., the problem of spurious regression (for more details, see among others, Meyer and
Winker, 2005), introducing seasonal dummies in the model allows also to analyse this
component and its effect on the dynamic adjustment process.’

In addition, due to the necessity to merge two data sets for Russia, we account for a
potential structural break in our VAR models for Russian data and for this reason add a
shift dummy consisting of zeros until 12/2005 and ones starting from 01/2006 onwards.
Furthermore, we include its first difference and lagged values of the first difference (the
same number of lags as for the corresponding VAR model) to capture the dynamics given
in the models. Also, interaction terms between the seasonal dummies and the shift
dummy are included in the models for Russia.’® This results in a more flexible model
accounting for the change in the seasonal structure for Russian BTSs. As regards to IP
indices for Germany, we use the data provided by the Federal Statistical Office with base
year 2005. The index accounts for just under 80% of total production in the manufacturing
sector and covers enterprises also in former East Germany.'! For Russia we consider the
data provided by Rosstat with base year 2002 and also a broad coverage of firms.

Using monthly IP indices (instead of quarterly GDP) has certain advantages. First,
available at monthly frequency IP requires no aggregation of the BTSs and hence, no loss of
information. Second, the number of observations for IP is higher increasing the available
degrees of freedom.

However, it should be noted that for Germany IP covers less than 50% of total economic
activity (Kholodilin and Siliverstovs, 2006, p. 240). For Russia this figure is even closer to 30%
(Domsch and Lidokhover, 2007). Moreover, in both countries the service sector becomes
increasingly relevant, which might exhibit a different dynamic in comparison to IP. In
contrast, as it was mentioned, the BTS indices cover all main industries of the two
economies, including IP, services and trade (Tsukhlo, 2005). Thus, we acknowledge some
differences in the structure of the IP index we forecast and the BTSs we use.

2.2. Model specification

Given that no a priori information is available on the mutual dynamic adjustment of IP
and leading indicators, a vector autoregressive (VAR) model is chosen as a reduced form
modelling framework:

) q 12
Y: = ZBI,th—i + ZYl,jEt—j + 251,d5d,t +&1¢
i=1 =1 =1
p q 12
E = ZBZ,th—i + ZYZ,jEt—j + zsz,dsd,t + €,
i=1 j=1 d=1
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where Y stands for the monthly IP growth rate, E for the BTS indicator and S, for seasonal
dummies. Our focus is on identifying the dynamic dependence between the variables of
interest and whether information from BTSs can improve forecast accuracy for IP. When
evaluating the forecasting performance, we will consider a naive forecast (NF) as one
benchmark. The NF forecasts are modeled as mean average values of the IP growth rates
over the respective estimation period, i.e., the h-step-ahead-forecast Y}, made at time t is
the average of the variable Y in the period between 1 and t:

~ 1<
Y+ = Y
a3 o

This benchmark might not be hard to beat, but allows to compare the relative performance
of alternative models. This is due to a similar performance of NF before and during the
recession, which is not the case for, e.g., a simple random walk forecast. As alternative
benchmarks, we consider AR(p)-processes to identify the contribution of the BTSs in the
VAR models.

In a first step of the model specification, one has to consider possible nonstationarity
of the time series. Thereby, it has to be taken into account that leading indicators refer to
future changes in output. Therefore, the variables of interest are the growth rate of output,
approximated by the monthly IP growth rate, and the BTSs. In Appendix 6.1, we summarise
results of unit root tests. Although the results are not perfectly conclusive, they allow the
assumption that both variables behave as stationary ones.

The lag length selection for the VAR models is based on the Schwarz (SIC) and the
Akaike information criteria (AIC). The latter IC is asymptotically inconsistent (Shibata,
1976), but penalises free parameters less strongly than SIC, which is considered as an
advantage for small sample sizes.

2.3. Goodness of forecasts

To assess the quality of forecasts we consider two measures. First, the root mean
squared forecast error (RMSFE)

where e, is the difference between the actual IP growth rate (y;) and its forecast (y;); and T,
T, indicate the first and the last period in the out-of-sample forecast, respectively. The
smaller the RMSFE, the better.

The second accuracy measure is “Theil’s U” (TU) (Theil, 1966):
Ty

TU = ief/ Zuf. @

t=Ty t=Ty
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This measure can be interpreted as the ratio of the RMSFE of the analysed model as
compared to that of a reference model with forecast errors u;.

We build a few series of out-of-sample forecasts (for one- and two-year periods) for the
IP growth rates for both countries using VAR models. To investigate dynamics of the
prediction errors, the so called “rolling windows” method is used (for more information see
Swansan, 1998). Doing this we either fix the estimation period, so that its length is the
same for different overlapping samples - fixed estimation windows (FEW) - or let it
increase always starting with 02/1999 - increasing estimation windows (IEW). We specify
and estimate models for the forecasting exercise based on evolving estimation samples,
while the analysis of stationarity, causality and impulse response functions is based on the
full sample. Due to the limited number of observations after the structural break in Russia
(01/2006), we include interaction terms only for a part of the simulations (forecasting
samples) performing other forecasts without these flexible seasonal components.!?

3. Results of the standard VAR model selection

According to the standard approach to the model selection problem (see, e.g.,
Lutkepohl [2007]), one compares different lag lengths for the VAR model choosing the one
with the best balance between model fit ( § ) and the total number of parameters to be
estimated (k = m?p + md).'® Thereby, in this section we impose the standard restriction that
all lags up to a predefined order will be included (“take all up to the p-th lag” approach) and
that this lag length is the same for all variables in all equations (p = q in the notation of
equation [1]). Due to the monthly data frequency, the maximum lag length (p;.x) 1S set
to 13. The results are provided in Table A.2.

In the following, the resulting VAR models are compared with regard to their out-of-
sample performance. In particular, we use a 1-step-ahead forecast that employs only
actual observations. First, we consider results with increasing estimation windows (IEW)
for an evaluation period of one and two years (Table 1), respectively. The German IP is
forecasted best by the VAR model with business expectations specified according to SIC,
while the VAR with the business climate based on AIC is the second-best choice. These
models have an RMSFE smaller than the benchmarks. Similarly, the VAR forecasts for
Russia specified by SIC are more accurate than the ones based on AIC. The improvement is
of a similar scale as in Germany.**

Table 1. Forecasting performance (RMSFE) of the VAR models

Germany Russia Germany Russia
Model specification
10/2007-09/2009 10/2008-09/2009

NF forecast 10.0544 7.7724 10.2511 8.9200
AR forecast AlC 6.3691 4.6519 8.0974 6.1679
SIC 6.3898 4.7360 8.2208 6.3296
. ) AIC 5.5188 5.3519 6.9972 6.2860

Business expectations
SIC 4.9840 3.8418 6.0813 5.0850
) ) AlC 5.3051 4.0459 6.6216 5.4377
Business climate sic 5.4239 3.8520 6.7384 5.1057

Next, to analyse goodness of the resulting forecasts for other periods, we consider TU
relative to the NF forecast for overlapping windows within 11/2006-09/2009. Results for
SIC!> with IEW are given in Figure 2 for one-year periods (for two-year periods and FEW see

OECD JOURNAL: JOURNAL OF BUSINESS CYCLE MEASUREMENT AND ANALYSIS - VOLUME 2012/2 © OECD 2013 73



HEURISTIC MODEL SELECTION FOR LEADING INDICATORS IN RUSSIA AND GERMANY

Figures A.1-3). On the x-axis the forecasted period is given, while the y-axis indicates
values of Theil’s U.1® While prior to the end of 2008 (when the crisis has become
pronounced also in IP indices) the values of Theil’s U vary approximately between 0.3-0.5,
the relative performance of the VAR models decreases dramatically afterwards.

Figure 2. One-year forecast accuracy compared to NF with IEW (TU)
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.

The question, however, is whether the BTS indicators are useful in producing those
forecasts (both prior and during the recession). To this end, the VAR models need to be
compared with a different benchmark. The AR(p)-processes are most suitable for this
comparison, because the contribution of the BTSs as additional indicators is expected to
become evident. Nonetheless, as one can see from Figure 3, the information content of
BTSs is not clear, in particular for Russia. While for Germany the VAR models outperform
the AR ones (with some minor exceptions), for Russia a high variance (that is even higher
for AICY) in the resulting performance is obtained. This is due to the variance in the lag
length selected by IC resulting in a higher forecast error. For example, the difference in the
forecast accuracy (in relation to AR) for the period 12/2007-11/2008 is about 10% lower than
for the same length period shifted one month before or two months later.

Figure 3. One-year forecast accuracy compared to AR with IEW (TU)
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.
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Due to the high variance in the forecasting performance identified, the contribution of
the BTSs is ambiguous. Nor their role prior and during the crisis is clear. Before one applies
any significance tests on differences in out-of-sample performance between the VAR and
AR models, we want to reduce the variance via an alternative model selection strategy
allowing for “holes” in the multivariate lag structures.

4. Heuristic algorithm and resulting models

In the standard bivariate VAR model with 13 lags and seasonal dummies in our study,
the rich lag structure requires k = 76 parameters (52 lags and 24 dummies) to be estimated.
For Russia this number is even higher (k = 106) due to the shift dummies and interaction
terms. Having only 128 observations (including a period for an out-of-sample forecast), this
leaves only a very small number of degrees of freedom. If only a small portion of these
parameters has non-zero coefficients in the real DGP, this results in a high estimation
variance and forecast errors motivating us to use an alternative subset selection strategy
allowing for “holes” in multivariate lag structures.

Due to the discrete search space and b potential submodels we can neither apply
standard optimisation methods nor enumerate all possible solutions for high or even
medium values of m and p (as, e.g., 2 and 13) comparing them based on IC. This cannot be
done even using efficient branch-and-bound algorithms as described in Gatu et al. (2008).

In the last decade a large number of studies has been devoted to subset VAR selection
methods. Among them are a sequential bottom-up (top-down) inclusion (deletion) of
individual regressors (Liitkepohl, 2007). Another option is to set certain model prior
probabilities shrinking the parameter search space. The resulting model averaging strategies
are well discussed in Kapetanios et al. (2008). However, these methods investigate only a
certain portion of all potential submodels. An alternative is presented by the least absolute
shrinkage and selection operator (Lasso) that was initially suggested by Tibshirani (1996) and
later also applied to VAR models (Hsu et al., 2007). Due to the shrinkage parameter the
method might exhibit a substantial estimation bias (Hsu et al., 2007; Savin, forthcoming).

To tackle the complex integer optimisation problem and, at the same time, to
overcome a priori restrictions on the search space that might result in local optima, one can
take advantage of optimization heuristics that mimic natural evolution processes (for an
overview of the methods as well as for guidelines of their implementation see Gilli and
Winker, 2009).

In our study we apply Genetic Algorithms (GA), which are population-based heuristics
that operate on a set of solutions (population).’® The members in the GA population
(chromosomes) are represented as bit strings, in which each position (gene) has two
possible values (1 and 0), corresponding to included and not included regressors,
respectively. In each generation GA replace parts of a population with new chromosomes
(children) aimed to represent better solutions for a given problem.

Realising the limitations of IC in our study (in particular, strong overfitting feature),
in the following we consider RMSFE as an objective criterion for GA. Thus, selecting a
subset of lags, one estimates its out-of-sample performance on a “pre-testing” period
(which is twice as long as the actual out-of-sample period and precedes it) and uses the
respective forecast error as a measure of goodness for a candidate solution. The intuition
for this is that one can assume a model to demonstrate good out-of-sample performance,
if the model well predicts the foregoing period. To this end, we concentrate on the selection
within lags, but not within exogenous variables: First, one has not enough observations to
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RMSFE estimate on the “pre-testing” period for interaction terms. Second, one avoids the
risk to remove the controls due to their lower information content in comparison to lags.

The GA algorithm used in this study is very similar to the one described in Savin and
Winker (2012). Some difference is that due to the smaller discrete search space we use a
population of p = 100 solutions and preserve only one elitist chromosome (K). Besides, the
number of generations G = 100 is sufficient for one restart (10 restarts for each setting).?°

Comparing the full-specified models with subset models obtained using GA we
consider both their in-sample and out-of-sample fit. While the in-sample analysis is made
for the whole sample 02/1999-09/2009, the out-of-sample exercise is conducted (as
described before) via rolling windows either of one or two years covering IP before and
during the recession. In addition, dynamic forecasts based on the resulting GA subsets are
constructed.

4.1. In-sample fit

Two alternative model selection strategies, “take all up to p-th lag” and GA, are
compared by means of the number of free parameters to be estimated (k)?* and adjusted R?
(for the IP growth rate’s equation) (Table 2).

Table 2. In-sample fit of different models

“all up to p-th lag” GA
Model specification
k R kK Ry
Business expectations AIC 44 0.8692 34 0.8397
Germany SIC 32 0.8661
) ) AIC 40 0.8694 32 0.8462
Business climate
SIC 32 0.8539
) ) AIC 62 0.7981 32 0.7751
Business expectations P 5 07868
Russia b
Business climate AIC 62 0.7947 34 0.7727
SIC 54 0.7860

Note: See Section 4.1 for explanation.

As one can see, for Germany GA include an intermediate number of parameters
between AIC and SIC, whereas for Russia heuristics come up to a smaller subset than any
IC demonstrating in both cases only a slightly lower in-sample fit than the standard lag
selection strategy. Thus, omitting certain lags does not produce any substantial loss in the
in-sample fit.

4.2. Static forecasts and significance testing

The resulting out-of-sample fit is our main focus due to two reasons. First, a good
out-of-sample performance gives a vital evidence in support of a particular model
specification. Thus, a well specified model captures the given data set, but does not overfit
it with too many predictors. Otherwise, forecasts based on the parameter estimates can be
poor due to the estimates’ variance. Second, for those interested in forecasting real
production output it is more important that a specified model can produce good forecasts
than fit to a certain data set.

To compare the forecasting performance of our VAR models specified based on the
two alternative strategies, consider the resulting TUs (with NF as a benchmark) for one- and
two-year out-of-sample periods (Table 3).
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Table 3. Forecasting performance of the VAR models

Standard GA Standard GA
Model specification
10/2007-09/2009 10/2008-09/2009

Business expectations AIC 0.5489 0.6826

0.5075 0.5964
Germany SIC 0.4957 0.5932
Business climate AIC 0.5276 0.6459

0.5027 0.6282
SIC 0.5395 0.6573
Business expectations AIC 0.6886 0.7047

0.4834 0.5506
. SIC 0.4943 0.5701

Russia . .

Business climate AIC 0.5205 0.6096

0.4802 0.5363
SIC 0.4956 0.5724

Note: See Section 4.2 for explanation.

One can see that the GA forecasts based on RMSFE both for one- and two-year periods
always outperform the forecasts based on the standard model selection approach via AIC.
Moreover, they either outperform the standard strategy based on SIC (e.g., forecasts for
Russia and business climate for Germany) or do not substantially differ in their
performance (e.g., forecasts based on business expectations for Germany). This also holds
true for other overlapping windows within the period 11/2006-09/2009 (see Figure 4).22
Important to note is that, in contrast to the standard model selection, GA allow to reduce
variation in the forecast accuracy. Thus, one avoids certain spikes in the TU dynamics as,
e.g., for the period 04/2007-03/2008 for Germany or 01/2008-12/2008 for Russia.

Figure 4. One-year forecast accuracy compared to NF with IEW (TU) via GA

0.65 T E !
without interaction terms with interaction terms
0.6 :
0.55
05 e
0.45-_ _ / —— Exp (Ger, SIC)
J - - - « ~ — —Clim (Ru, SIC)
0.4 / -
Exp (Ger, GA)
0.35 ——Clim (Ger, GA) 7
0.3 N, - - =Exp (Ru, GA)
: A - = =Clim (Ru, GA)
0.25 | E | |
11/06-10/07 07/07-06/08 12/07-11/08 05/08-04/09 10/08-09/09

Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.

Similarly, one can consider the resulting forecasting accuracy of our models in relation
to the AR-benchmark (Figure 5).23 Obviously, here we also obtain less variance in
forecasting performance of our models. An important difference to the results of the
standard strategy is that there is a much smaller difference between the AR and VAR
forecasts for Russia.

Since the obtained TUs alone do not provide any evidence on statistical significance of
the differences in forecasting performance between the AR and VAR models, we apply the
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Figure 5. One-year forecast accuracy compared to AR with IEW (TU) via GA
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.

Giacomini and White (2006) test (GW test henceforth) of conditional predictive ability.?*
The GW test is most suitable for our study for several reasons. First, it takes into account
the effect of estimation uncertainty (West, 1996) on the relative forecasting performance.
Second, it can evaluate forecasts both for nested and non-nested models, which is
particularly relevant for our case with an AR model being potentially nested within a VAR
model for certain rolling windows. Third, presenting a generalised approach to existing
studies in this field (e.g., Diebold and Mariano, 1995), the test allows for structural shifts at
unknown dates (note the shift in the BTSs for Russia) and for both FEW and [EW
approaches.

Defining AL,,,, as the difference of the loss function for the forecast based on the
VAR model (¢%,) and the benchmark (u?, ;) for a 1-step-ahead forecast, the null-hypothesis
of the testis E[WAL, ;| F]=0, where F, is an information set available at time t. Then, the
test statistic is:

Tp-1 ’ Tp-1
-~ o
Gwrln,n =n Yfi E htALm,Hl Qﬁl n71 E htALm,Hl ng: (5)
t=Tq t=Tq

where n = (T, - 1) - (Ty — 1) = T, - T, is the number of out-of-sample forecasts, m is the
estimation sample, Q, :n’lzf:(h[AL,,,M)x(h,ALmM) is a consistent variance estimator and
the test function h, is set to [1AL,, ] .25

To test the significance of our survey indicators before and during the recession, we
split the sample 11/2006-09/2009 into a pre-crisis and a crisis period, where the latter starts
from 11/2008.2° This choice is based on the dramatic change in the forecasting accuracy of
the VAR models in regard to NF observed for both standard and heuristic model selection
strategies. To this end, we employ the IEW approach constructing 1-step-ahead forecasts
for the entire pre-crisis (“prior”) and crisis (“during”) subsamples. Results of the pairwise
test of equal conditional predictive ability are given in Table 2.

While for Germany constructed VAR models demonstrate significantly better
forecasting performance only in the latter subsample (during the recession), resulting VAR
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Table 4. Conditional predictive ability test results’

“All up to p-th lag” GA
Model specification
Prior During Prior During
Business expectations AIC 0.8810 0.8490
1.0010 0.7602*
Germany SIC 0.9530 0.7415
Business climate AIC 0.8677 0.8034*
1.0210 0.7735**
SIC 0.9788 0.8204
Business expectations AIC 1.1599 1.0241**
1.0634** 0.9541
. SIC 1.1755* 0.7989
Russia Business climate AIC 1.2335* 0.8791
sic 11714* 0.8021* 1 0.9061

1. The entries are the relative RMSFEs of corresponding VAR models with respect to AR benchmark with *** denoting
significance of the Giacomini and White (2006) test at the 5 and 10% level, respectively.

models for Russia significantly (but negatively) differ from the benchmark in the former
one (prior to the crisis). This finding demonstrates a marked difference between the results
obtained via the heuristic strategy (right panel) and the “all up to p-th lag” method (left
panel). Thus, employing the standard approach one could obtain evidence confirming
either significantly superior or inferior performance of the VAR models during the
recession depending on the BTS and IC chosen. However, since the heuristic approach
consistently demonstrates better forecasting performance (Figures 4 and 5), its results can
be considered as more justified alternative.

Differences in data publication

As it was mentioned earlier, BTSs are particularly useful because they are published
more promptly than IP indices. However, once one is interested in real time forecasts, it is
important to control for publication delay of the time series used. In our study, IP indices
are published with a delay of 35 and 15 days for Germany and Russia, respectively. BTSs in
the two countries, in contrast, are published more synchronously (at the end of the
respective month). This implies for the models we build (see equation 1) that the first lag
of IP (Y;_;) for Germany is not available for the time the forecast is made (for Russia no
additional restriction in data availability is applicable). To account for this important
difference we construct VAR and AR models using standard and GA strategies and excluding
Y1, and repeat the exercise made before. Results are displayed in Figure 6 and Table 5.

Clearly, the supremacy of the VAR models over the AR benchmark becomes less stable
when imposing the restriction that the first IP lag should not be included (GA, however, still
consistently outperforms the standard model selection strategy). For example, shifting the
out-of-sample period by just one month may shift the results in favour of either an AR or a
VAR model (Figure 6). As a result, the GW test provides less support for the contribution of
the German leading indicators to the forecasting performance (results only significant at
the 10% level for business expectations and not significant for business climate). This
finding can be explained by a fairly unstable contribution of the first IP lag to forecasting
performance in such a volatile period as the recent crisis. Thus, comparing Figures 5 and 6
we see that depending on a particular out-of-sample period exclusion of this information
improves the AR benchmark’s relative performance to a certain extent, sometimes making
it even a dominant strategy.
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Figure 6. One-year forecast accuracy compared to AR with IEW (TU)
via GA accounting for the restriction in data availability
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business

expectation and “Clim” stands for business climate.

Table 5. Conditional predictive ability test results accounting for the restriction
in data availability'

“All up to p-th lag” GA
Model specification
Prior During Prior During
Business expectations  AIC 0.8803 0.7806*
1.0000 0.8584*
German SIC 0.9368 0.8262
y Business climate ~ AIC |  0.8441 0.8094
1.0283 1.0164
SIC 0.9753 0.8653

1. The entries are the relative s of corresponding VAR models with respect to AR benchmark with **,* denoting
significance of the Giacomini and White (2006) test at the 5 and 10% level, respectively.

This latter finding provides an important argument in favour of an earlier publication
of real economic data by statistical offices (as Destatis in our case) as this is crucial for the
quality of the forecasts to be produced. In particular, while Russian BTS do not significantly
contribute to the VAR models’ performance, for Germany the evidence is dependent on the
data availability issue: in the scenario when the IP value lagged one period is not available
for Germany the improvement is marginal, while if all data would have become available
at the time of the forecast, resulting forecasts could be improved significantly.

4.3. Dynamic forecast

To provide an additional analysis of the two model selection strategies, we also
consider a dynamic h-step-ahead forecast.

Consider first the standard model selection approach. We construct dynamic forecasts
for the entire year 2009 (01/2009-12/2009) using the rest of the sample for estimation. The
resulting forecasts for all three alternatives (AR models, VAR models with either business
expectations or with business climate) via SIC are presented in Figure 7.

The resulting VAR forecasts have minor differences predicting fairly similar IP growth
dynamics. Estimating yearly IP growth rates (calculated as average of monthly year-to-year
growth rates)?’ using the best unbiased model specification alternatives according to Table 1
(VAR with business expectations via SIC for both countries), one obtains results as in Table 6.

Both of the VAR-forecasts outperform the predictions of the corresponding
benchmarks (AR and NF) in the two countries. It is also clear that the VAR-forecasted IP
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Figure 7. Prediction dynamics for the IP growth rate for Germany and Russia
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= Raal IP growth (monthly rates) = Raal IP growth (monthly rates)
-2 = = = Forecast based on AR-model -2 = = = Forecast based on AR-model
— = Forecast based on business expectations — = Forecast based on business expectations
= == Forecast based on business climate — — Forecast based on business climate
S 3
200991 200992 200993 2009q4 2009q1 2009q2 2009q3 2009q4

growth rate is much closer to the actual rate for Germany than for Russia. The large
difference between the forecasted and the actual rates in the latter case might be due to
the shorter expectation horizon of Russian BTSs. Thus, while the survey indicators in
Russia can be accurate enough in the one-step-ahead forecast (see Figure 2), they are
obviously inferior for the multi-step-ahead approach.

In contrast, employing the subset models obtained via GA for AR and VAR (with
business expectations) models, forecasts constructed for IP in Russia exhibit a slightly
improved approximation of the actual growth rates. This holds for both AR and VAR
models, while their difference is very small. The latter finding is consistent with the GW
test results. For Germany, in contrast, GA do not make any difference for the AR model
yielding the same prediction. The VAR forecast, however, is also slightly improved in
comparison to the standard strategy.

Table 6. Prediction accuracy for the IP growth rate in 2009
%

NF forecasts AR forecasts VAR forecasts Actual rates
“All up to p-th lag” -6.13 -17.51
Germany RS AL Y -14.45 -15.99
GA —6.13 -16.59
) “All up to p-th lag” -4.16 -5.68
Russia GA +0.11 752 740 -10.84

5. Conclusion and outlook

While there are many studies providing evidence that leading indicators improve
univariate time series models forecasting of real output in OECD countries, this is by far not
the case for developing countries like Russia. Moreover, there is a lack of research
examining the indicators’ performance during the crisis. Therefore, our study contributes
to the existing literature in two ways: by analysing business tendency surveys (BTSs) with
regard to their performance in predicting IP in Russia and Germany both prior and during
the recent economic recession.

For this purpose, we specify VAR models accounting for a structural break and
seasonal variation in the BTSs. Due to the limited data sample available and the large
number of parameters to be estimated, high variance in estimation errors and, hence,
resulting forecasts is obtained. To reduce this problem, an alternative subset selection
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strategy (GA) allowing for “holes” in the lag structures is implemented. Since the data set is
too small for IC to identify the “correct” model, RMSFE for a pre-testing sample is taken as
an objective criterion. The heuristic strategy is assessed in its in-sample and out-of-sample
fit demonstrating superior forecasting performance.

Constructing 1-step-ahead forecasts for rolling windows of one and two years length
with both increasing and fixed estimation windows, we demonstrate that while for Russia
there is no significant difference between VAR and AR forecasts during the crisis (prior the
crisis the difference is significant, but negative), for Germany the evidence is dependent on
the data availability issue: in the scenario taking the restricted data availability into
account, the improvement is limited, while if all data would have become available at the
time of the forecast, resulting forecasts could be improved significantly. These results are
confirmed by the conditional predictive ability test. The latter fact provides an important
argument in favour of an earlier publication of real economic data by statistical offices (such as
Destatis in our case) as this is crucial for the quality of the forecasts to be produced.

Also, we show that these results can be obtained employing GA, but not the standard “all
up to p-th lag” strategy. This seems to be a result of the very limited data sample, where a
comprehensive model selection strategy is required to optimise multivariate lag structures
sparing some degrees of freedom, hence reducing variance in resulting forecasts.

In conclusion, we argue that the heuristic methods are an effective tool of model
selection also for short time series models. As this problem is not extraneous for Germany
either (due to, e.g. its reunification) and considering the fact that this model selection
technique has not been applied in the context for Germany before, the study is seen to be
informative for both countries. For future study remains their comparison with other
alternatives as, e.g., Bayesian model averaging or shrinkage estimators. Furthermore, in a
few years it might be worth to repeat the experiment on a larger data set (for Russia) to test
whether the BTSs would provide any better results.
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Notes
1. The only exception for Germany is presented by Drechsel and Scheufele (2010).

2. The latter focus is seen to be important for both countries since there are only few studies (Winker,
1995; Winker, 2000; Kapetanios, 2007) demonstrating the application of the lag selection approach
with “holes” on VAR models and neither of them used Russian or German BTS data before.

. In Russia, the data is published a week after the end of the month.
. Officially, these BTSs are collected since 03/1992 to date.

. Due to a change in classification systems no observations are available.

(o) IV B

. See the Federal State Statistics Service website, www.gks.ru.
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7. Note that starting from the fourth quarter of 2008, GDP and IP growth rates for Russia and Germany
become negative.

8. Our exchange with IET regarding this finding did not result in a satisfying explanation.
Nevertheless, it will have to be taken into account for the empirical model.

9. Alternatively, we also consider year-on-year growth rates both for IP and BTSs without including
seasonal dummies and trying in this way to relax the degrees of freedom problem. In general,
however, this does not change any major conclusion (contribution of BTSs before and during the
crisis, comparison between standard and GA model selection strategies) stated below. Results are
available upon request.

10. Significance of the interaction terms for the corresponding VAR models is confirmed via the F-test
at the 1% significance level.

11. See the Federal Statistical Office’s web site, www.destatis.de.

12. Due to the same reason we modify the size of the fixed estimation samples for simulations with
and without the interaction terms (101 and 93 observations, respectively).

13. m = 2 is the number of endogenous variables p, is the number of lags d = 12 and 27 is the number
of exogenous variables for Germany and Russia, respectively.

14. We also tested the Mincer-Zarnowitz regression (Mincer and Zarnowitz, 1969) to ensure that the
produced forecasts are not biased. For this purpose we consider t-tests for separate coefficients
and p-values of the Wald test as a joint test. Results for the period 10/2008-09/2009 with IEW are
presented in Table A.3 and provide some evidence that the respective hypotheses can not be
rejected. Similar results are also obtained for other out-of-sample experiments.

15. Results for AIC are available upon request.

16. All figures containing results on rolling windows (Figures 2-5) present TUs in relation either to the
NF or AR benchmark. See respective discussion for further explanation.

17. These results are also available upon request, and for two-year periods and FEW, they can be found
in Figures A.4-A.6. For the two-year forecasts it is also evident that the interaction terms improve
the forecasting accuracy of Russian VAR models.

18. In Savin and Winker (2012) this method is compared with a different heuristic (Threshold Accepting)
and is found as more efficient for discrete subset selection problems.

19. See (Savin and Winker, 2010) for an extensive discussion.

20. The corresponding CPU time for 100 generations using Matlab 7.11 on a Pentium IV 3.3 GHz requires
approximately 1 600s.

21. This includes both endogenous and exogenous variables.

22. Results of the standard model selection strategy for business expectations via SIC (the best
alternative identified in Section 3) are plotted for comparative reasons.

23. In this case both AR and VAR model structures are optimised via GA.

24. So far, available literature for Germany (Kholodilin and Siliverstovs, 2006, Drechsel and Scheufele, 2010)
indicates that the difference between AR and VAR models in forecasting performance is significant
only to some extent.

25. Setting the conditioning set in this way, we expect past loss differences to predict their future
dynamics, i.e. to indicate the more accurate model (Giacomini and White, 2006).

26. Alternatively, we also try different starting periods shifting 11/2008 by one month back and forth.
The results remain robust and are available upon request.

27. This methodology is also used by Thompson Reuters.
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Annex A

Tests of nonstationarity

To test for possible nonstationarity of the variables we apply the Augmented Dickey-
Fuller-test (ADF-test) (Dickey and Fuller, 1979) to variables, where no structural shift is
assumed, and an UR-test (see Lanne et al., 2002) to the BTSs of Russia with structural breaks
(UR-test).! The null-hypothesis (Hp) of both, the ADF- and the UR-tests, is that the variable
under consideration has a unit root. The alternative hypothesis is that it is stationary. For
all series the test is run with a constant and the number of lags included to be selected
based on SIC with a maximum lag order of 12 months. The test statistics are summarised
in columns 3 and 6 in Table A.1.

Table A.1. Unit root test results

Germany Russia
Lags ADF-test KPSS-test Lags ADF/UR-test KPSS-test
IP growth rate 12 1.76 0.24 11 -2.25 0.11
Business expectations 1 3.08** 0.18 1 —2.18
Business climate 2 -2.47 0.13 0 -5.39***

**/**/* denote significance at the 1, 5 and 10% level, respectively.

From a theoretical point of view it is expected that the IP growth rates and the BTSs are
stationary. However, this assumption is not confirmed for the IP growth rates? and two of
the four survey indicators. These results might have been expected due to the low power of
the test against H.

Starting with Hy of stationary series and running the KPSS-test (Kwiatkowski et al., 1992)
to the variables with no structural shifts, including again a constant and determining the
bandwidth with the Newey-West procedure, results in no rejections of the hypothesis (see
columns 4 and 7 in Table A.1). As a result, we cannot reject the null-hypothesis for business
expectations in Russia, but due to the low power of the ADF-test we presume the variable to
be stationary, e.g., owing to its constraint on the interval [-100; 100].

Lag length selection

After a specific model specification is selected, we test for possible residual
autocorrelation. To this end, we employ the multivariate extension of the test suggested by
Box and Pierce (1970), namely the Ljung-Box portmanteau test with the maximum lag
length of 13 (Table A.2) with its p-values in parentheses.
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Table A.2. Lag length selection results

SIC AIC
Germany Russia Germany Russia
lags Test lags Test lags Test lags Test
Business 9 58.2 1 62.8 45.0 3 53.5
expectations (0.07) (0.08) (0.06) (0.08)
Business 53.9 745 30.2 40.0
climate 2 (0.15) 1 (0.01) 4 (0.74) 3 (0.52)

It becomes obvious that the models for the German data do not exhibit residual
autocorrelation at the 5% significance level when choosing the lag length suggested by SIC.
This also holds true for the Russian VAR model with the business expectations, but not for
the business climate. This result might be due to changes in the seasonal pattern of the
time series described in Section 2. A more detailed analysis of this feature is left for future
research. For the current analysis we stick to the lag orders presented in Table A.2. In
contrast, selecting the lag length according to AIC one has to deal with larger models (as
expected), but identifies no autocorrelation at the 5% level.

Forecasts’ bias analysis

Table A.3. Forecasts’ bias analysis

a=0 p=1 o=0andp=1
Model specification t-statistics p-values
Germany Russia Germany Russia Germany Russia
AR model -1.63 -1.52 -0.49 1.06 0.19 0.30
SIC Business expectations ~0.60 ~0.66 -0.27 0.75 0.81 0.63
Business climate -0.97 -1.13 -0.45 0.88 0.55 0.43
AR model -0.84 -1.52 -0.94 0.75 0.44 0.34
AlC Business expectations -1.31 -1.50 -0.45 0.20 0.37 0.35
Business climate -1.66 -1.22 0.03 0.45 0.28 0.49

Forecast accuracy in relation to NF

Figure A.1. Two-year forecast accuracy in relation to NF with IEW
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.
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Figure A.2. One-year forecast accuracy in relation to NF with FEW
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.
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Figure A.3. Two-year forecast accuracy in relation to NF with FEW
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.

Forecast accuracy in relation to AR

Figure A.4. Two-year forecast accuracy in relation to AR with IEW
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.
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Figure A.5. One-year forecast accuracy in relation to AR with FEW
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Figure A.6. Two-year forecast accuracy in relation to AR with FEW
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Note: We denote in our VAR models Germany with “Ger” and Russia with “Ru”, while “Exp” stands for business
expectation and “Clim” stands for business climate.

Notes

1. The latter test is implemented using the JMulTi free statistical software package available at
www.jmulti.de.

2. We believe that the main reason for this is the extraordinary drop of the IP growth rates at the end
of 2008 due to the global economic crisis. In fact, considering the shorter sample until 09/2008
supports the stationarity assumption (results available upon request).
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