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Abstract 
In this chapter we evaluate the relative performance of linear, non-linear and time-
varying models for about 500 macroeconomic variables for the countries in the Euro area, 
using a pseudo real-time forecasting methodology. It turns out that linear models work 
well for about 35% of the series under analysis, time-varying models for another 35% 
and non-linear models for the remaining 30% of the series. The gains in forecasting 
accuracy from the choice of the best model can be substantial, in particular for longer 
forecast horizons. These results emerge from a detailed disaggregated analysis, while 
they are hidden when an average loss function is used. In the latter case AR models are 
ranked first, which suggests that they provide a robust tool for automatic forecasting a 
large number and variety of series. To explore in more detail the issue of parameter 
instability, we then apply a battery of tests, detecting non-constancy in about 20-30% of 
the time series. For these variables the forecasting performance of the time-varying and 
non-linear models further improves, with larger gains for a larger fraction of the series. 
Finally, we evaluate whether non-linear models perform better for three key 
macroeconomic variables: industrial production, inflation and unemployment. It turns out 
that this is often the case. Hence, overall, our results indicate that there is a substantial 
amount of non-linearity and instability in the Euro area, and suggest that it can be worth 
going beyond linear models for several macroeconomic variables. 
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1. Introduction 

The many social, economic and political changes that occurred in the European countries 

since the early ‘80s can be expected to make modeling macroeconomic variables with 

constant parameter linear models particularly difficult. In this context, time-varying and 

non-linear models should have a comparative advantage, even though their estimation is 

complicated by the short time span usually available. On the other hand, the use of rolling 

estimation combined with linear models (see e.g. Swanson (1998)) is not sufficient to 

address the issue of parameter non constancy in our context, due to the rather short 

sample available and the multiplicity of the possible structural breaks. 

In this chapter we compare a variety of linear and non-linear models on the basis of 

their real time forecasting performance, using a very large dataset of about 500 

macroeconomic variables for the countries in the Euro area. A similar analysis is 

performed by Stock and Watson (1999, SW henceforth) for the US. 1 Here we have a 

larger dataset, for several countries, but for a shorter sample. Moreover, we consider 

more forecasting models, and evaluate the role of instability in explaining the results.  

We compare three main forecasting methods. The linear method, which includes 

autoregressive (AR) models, exponential smoothing and random walk models. The time-

varing method, which includes time-varying AR models and smooth transition AR 

models. The non-linear method, which includes artificial neural network models. Within 

each method we consider several alternative specifications, for a total of 58 models. We 

focus on three forecast horizons: one, three and six month a-head. Longer horizons are 

not worth analyzing because of the rather short sample available. 

The competing forecasts are compared on the basis of three measures, in increasing 

level of disaggregation. First, we compute the average value over all variables of several 

loss functions, including the common mean absolute and mean square forecast error (mae 

and msfe, respectively). The results are quite clear cut. The best model is a simple AR 

either with fixed lag length or with AIC selection, in line with what SW have found for 

the US. This finding indicates that AR models provide a robust method for automatic 

forecasting a large number and variety of short European macroeconomic time series. A 
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similar conclusion has been reached for aggregate Euro area series by Marcellino (2004a) 

and, in a different context, by Marcellino, Stock and Watson (2003) and Banerjee, 

Marcellino and Masten (2003). Another interesting finding is that time-varying models, 

in particular time-varying AR models, perform better than non-linear models, the best 

ranked neural network model is only 35th. 

Second, we rank the models on the basis of the percentage of variables for which 

they are among the top-N models, for several values of N. The picture is now rather 

different. The best models for the largest proportion of series belong to the artificial 

neural network class, they lead to the lowest msfe for 27% of the 480 series when the 

forecast horizon is h=1, and for 32% when h=6. The smooth transition models can be 

ranked second, with 28% of the lowest msfe for h=3. The AR models rank third, with 

values of 23% for h=1 and 6, and of 20% for h=3. With respect to the findings in SW for 

the US, compare their tables 3 and 4, it emerges that AR and time-varying models 

perform much better for Europe. This is likely due both to the shorter sample size, that 

favours simple models, and to the amount of parameter instability, that favours time-

varying models. It is also interesting to mention that SW find quite a good performance 

for pooling methods, while this is not the case for Europe, see Marcellino (2004b) for 

details. 

Finally, for each forecasting model we compute the empirical distribution function 

(over variables) of its mean square forecast error, relative to a benchmark AR model, and 

report selected percentiles of this distribution. In line with the previous results, it turns 

out that the AR model has a much more stable performance over variables and forecast 

horizons than time-varying and non-linear models, but the latter can yield substantial 

gains for some variables and forecast horizons. This indicates that care and expertise is 

required to select the proper non-linear model for a specific variable, but the exercise is 

worth undertaking. 

To explore whether the results summarized so far are driven by extensive parameter 

instability, we then apply a battery of stability tests, including statistics for constancy of 

the parameters versus the alternative of random walk or stationary random coefficients, 

                                                                                                                                                 
1 Other interesting articles evaluating the relative forecasting performance of linear and non-linear models 
are Montgomery, Zarnowitz, Tsay and Tiao (1998), Clements, Franses, Smith and Van Dijk (2003) and the 
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and recursive F-tests for parameter changes at unknown dates. We detect non-constancy 

in about 20-40% of the time-series, though the percentage decreases to 10-20% when 

using bootstrapped critical values for the test statistics. The forecasting performance of 

the time-varying and non-linear models for the unstable variables further improves, with 

larger gains for a larger fraction of the series. 

Finally, we evaluate whether non-linear models perform better for three key 

macroeconomic variables: industrial production, inflation and unemployment. It turns out 

that this is often the case, an important result because of the key role for policy making of 

accurate forecasts of these variables. Joint models for these variables also confirm the 

relevance of nonlinearities, see e.g. Krolzig, Marcellino and Mizon (2002) and Milas and 

Rothman (2003). 

The structure of the chapter is the following. The dataset is illustrated in Section 2. 

Section 3 describes the forecasting models and the evaluation criteria. The results of the 

forecast comparison are presented in Section 4. The issue of instability is analyzed in 

Section 5. Section 6 presents detailed results for industrial production, unemployment 

and inflation. Section 7 summarizes and offers some concluding remarks. 

 

 

2. The data 

The dataset we use is taken from Marcellino, Stock and Watson (2003), to whom we 

refer for additional information. It includes the OECD main economic indicators, 

monthly, for the period 1982:1-1997:8, for the 11 countries originally in the EMU in the 

year 2000. The dataset and the sample range are chosen in order to have rather 

homogenous variables over countries, for a long enough comparable time span. Overall, 

there are 480 series. 

In particular, for each country there are output variables (industrial production and 

sales, disaggregated by main sectors); labour market variables (employment, 

unemployment, wages and unit labour costs); prices (consumer and producer, 

disaggregated by type of goods); monetary aggregates, interest rates (different 

maturities), stock prices; exchange rates (effective and nominal); imports, exports and net 

                                                                                                                                                 
references therein. 
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trade; and other miscellaneous series. A complete list of the variables is available upon 

request. 

All the (OECD) series under analysis are seasonally adjusted. This can have 

implications for the forecasting performance of nonlinear models, see e.g. Ghysels, 

Granger and Syklos (1996) and Lee and Syklos (1997), an interesting issue for additional 

research in this field. 

 

 

3 Forecasting methods 

The formulation of a generic forecasting model is  

,);( hthtt
h

ht Zfy ++ += εθ     (1) 

where ty  is the variable being forecast, h indicates the forecast horizon, tZ  is a vector of 

predictor variables, tε  is an error term, and hθ  is a vector of parameters, possibly 

evolving over time. We introduce a distinction between forecasting methods and 

forecasting models. Forecasting methods differ for the choice of the functional form of 

the relationship between h
hty +  and tZ , f . Within each method, different models are 

determined by the choice of the regressors tZ  and the stationarity transformation applied 

to ty . 

The h-step forecast is  

),ˆ;(ˆ htt
h

ht Zfy θ=+  (2) 

with associated forecast error 

.ˆ h
ht

h
htht yye +++ −=  (3) 

When ty  is treated as stationary, it is ht
h

ht yy ++ = , while if ty  is I(1) then tht
h

ht yyy −= ++ . 

We present results for both cases. Moreover, we also consider a pre-test forecast where 

the decision on the stationarity of ty  is based on a unit root test, which often improves 

the forecasting performance, see e.g. Diebold and Kilian (2000). In particular, we use the 

Elliott, Rothenberg and Stock (1996) DF-GLS statistics, which performed best in the 

simulation experiments in Stock (1996). Note that hththt yye +++ −= ˆ , independently of 



 5

whether ty  is treated as stationary or not, so that forecast errors from the three different 

cases (stationary, I(1) and pre-test) are directly comparable. 

Because of the short sample period available, the forecast horizons we consider are 

1, 3 and 6 months. When h is larger than one, the "h-step ahead projection" approach in 

(1), also called dynamic estimation (e.g. Clements and Hendry (1996)), differs from the 

standard approach of estimating a one-step ahead model, then iterating that model 

forward to obtain h-step ahead predictions.  The h-step ahead projection approach has 

two main advantages in this context.  First, the potential impact of specification error in 

the one-step ahead model can be reduced by using the same horizon for estimation as for 

forecasting. Second, we need not resort to simulation methods to obtain forecasts from 

non-linear models. The resulting forecasts could be slightly less efficient, see e.g. 

Granger and Terasvirta (1993, Ch.8), but the computational savings in our real time 

exercise with many series are substantial. 

A few forecast errors from the non-linear and time-varying methods are very large. 

This is due to problems in the estimation of these models, because of multiple local 

optima and the short estimation sample available (1982:1-1993:12). In order not to bias 

the comparison against these methods, we automatically trim the forecasts. In particular, 

when the absolute value of a forecasted change is larger than any previously observed 

change, a no change forecast is used. 

 

Let us now list the methods and models we compare, and briefly discuss their main 

characteristics and estimation issues. More details can be found in Stock and Watson 

(1996, 1999). 

 

Linear methods 

Autoregression (AR). Box and Jenkins (1970) popularized the use of these models 

for forecasting economic variables, and they have performed rather well in forecast 

comparison exercises, see e.g. Meese and Geweke (1984), or Marcellino, Stock and 

Watson (2003) for the Euro area. The f  function in (1) is linear, and tZ  includes lags of 

the y variable and a deterministic component. The latter can be either a constant or also a 

linear trend. The lag length is either fixed at 4, or it is chosen by AIC or BIC with a 
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maximum of 6 lags. Recalling that the ty  variable can be treated as stationary, I(1), or 

pre-tested for unit roots, overall we have 18 models in this class. 

Exponential smoothing (ES).  Exponential smoothing is a rather simple forecasting 

technique that can be shown to be optimal in the mean square forecast error sense only 

when the underlying process follows a particular ARMA structure, see e.g. Granger and 

Newbold (1986, Ch.5). Yet, Makridakis et al. (1982) found this method to perform rather 

well in practice in a forecast comparison exercise. We consider both single and double 

exponential smoothing, which are usually adopted for, respectively, stationary and 

trending series. Estimation of the parameters is conducted by means of (recursive) non-

linear least squares (see e.g. Tiao and Xu (1993)). The third model in this class is given 

by a combination of the single and double models, based on the outcome of the unit root 

test. 

No change.  This simple forecast is based on a random walk model, so that it is 

.ˆ tht yy =+  Notwithstanding its simplicity, in a few cases it was found to outperform even 

forecasts from large-scale structural models, see e.g. Artis and Marcellino (2001). 

 

Time-varying methods 

Time-varying autoregression (ARTV).  In this case the parameters of the AR models 

evolve according to the following multivariate random walk model (see e.g. Nyblom 

(1989)): 

,1 hththt u+= −θθ      ),,0(~ 22 Qiiduht σλ  (4) 

where 2σ  is the variance of the error termε  in (1), 1' ))(( −= tt ZZEQ , and we inspect 

several values of λ : 0 (no evolution), 0.0025, 0.005, 0.0075, 0.01, 0.015, or 0.020. We 

consider first a specification with a constant, 3 lags and λ = 0.005, and then we allow for 

selection of the number of lags (1,3,6) jointly with the value of λ  by either AIC or BIC. 

In each case, ty  can be either stationary, or I(1) or pre-tested, so that we have a total of 9 

ARTV models. The models are estimated by the Kalman filter. 

Logistic smooth transition autoregression (LSTAR).  The generic model can be 

written as 

,''
htttt

h
ht dy ++ ++= εζβζα  (5) 
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where )),exp(1/(1 10 tt vd γγ ++=  and ),...,,,1( 11 +−−= ptttt yyyζ  if ty  is treated as 

stationary or ),...,,,1( 11 +−− ∆∆∆= ptttt yyyζ  if ty  is I(1). The smoothing parameter 1γ  

regulates the shape of parameter change over time. When 01 =γ  the model becomes 

linear, while for large values of 1γ  the model tends to a self-exciting threshold model, see 

e.g. Granger and Terasvirta (1993), Terasvirta (1998) for details. For models specified in 

levels we consider the following choices for the threshold variable in td : tt yv = , 

2−= tt yv , 5−= tt yv , 6−−= ttt yyv , 12−−= ttt yyv . For differenced variables, it can be 

tt yv ∆= , 2−∆= tt yv , 5−∆= tt yv , 6−−= ttt yyv , 12−−= ttt yyv . In each case the lag 

length of the model was either 1 or 3 or 6. We report results for the following models: 3 

lags and tt yv =  (or tt yv ∆=  for the I(1) case); 3 lags and 6−−= ttt yyv ; AIC or BIC 

selection of both the number of lags and the specification of tv . In each case , ty  can be 

either stationary, or I(1) or pre-tested, so that overall there are 12 LSTAR models. 

Estimation is carried out by (recursive) non-linear least squares, using an optimizer 

developed by Stock and Watson (1999). 

 

Non-linear methods 

Artificial neural network (ANN).  Artificial neural networks can provide a valid 

approximation to the generating mechanism of a vast class of non-linear processes, see 

e.g. Hornik, Stinchcombe and White (1989), and Swanson and White (1997) for their use 

as forecasting devices. The so called single layer feedforward neural network model with 

n1 hidden units (and a linear component) is specified as: 

,)(
1

1

'
11

'
0 ht

n

i
tiit

h
ht gy +

=
+ ++= ∑ εζβγζβ  (6) 

where )(xg  is the logistic function, )1/(1)( xexg += . Note that when n1=1 the model can 

be interpreted as a logistic smooth transition autoregression, with the parameter evolution 

being determined by the linear combination of variables tζβ '
11 . A more complex model 

is the double layer feedforward neural network with n1 and n2 hidden units: 

.)(
12

1

'
122

1

'
0 ht

n

i
tijii

n

j
t

h
ht ggy +

==
+ +⎟⎟

⎠

⎞
⎜⎜
⎝

⎛
+= ∑∑ εζββγζβ  (7) 
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We report results for the following specifications: n1=2, n2=0,p=3 (recall that p is 

number of lags in tζ ); n1=2, n2=1,p=3; n1=2, n2=2,p=3; AIC or BIC selection with 

n1=(1,2,3), n2=(1,2 with n1=2),p=(1,3). For each case ty  can be either stationary, or I(1) 

or pre-tested, which yields a total of 15 ANN models. The models are estimated by 

(recursive) non-linear least squares, using an algorithm developed by Stock and Watson 

(1999). 

 

Overall, there are 58 models in the forecast comparison exercise, 22 belong to the 

linear class, 21 are time-varying, and 15 are non-linear. They are summarized in Table 1. 

To mimic real time situations, for each variable, method and model the unit-root tests, 

estimation and model selection are repeated each month over the forecasting period, 

which is 1994:1-1997:8.  

 

 

4. Forecast Evaluation 

We now have to evaluate the relative forecasting performance of the M=58 models for 

the N=480 variables in the dataset. The starting point is the choice of a loss function.  

For variable n and forecasting method m, we define the loss function as 

∑
−

=
+−

=
hT

t
mnhtmn

h e
hT

Loss
1

,,, ,1 ρ
 (8) 

where hte +  is the h-step ahead forecast error, and ρ  can be equal to 1, 1.5, 2, 2.5 or 3. 

The values 1=ρ  and 2=ρ  correspond to the familiar choices of, respectively, the mean 

absolute and the mean square forecast error as the loss function.  

In order to compare the loss over the whole set of variables, we adopt the following 

loss function for method m: 

∑
=

=
N

n n
h

mn
h

m
h

Loss
Loss

N
Loss

1 1,

, ,1  (9) 

namely, a weighted average of the loss for each variable, with weights given by the 

inverse of the loss of a benchmark forecast, which makes the magnitude of the losses 



 9

comparable across variables. As a benchmark, we adopt throughout an AR model with 4 

lags and a constant, specified in levels. 2 

In Table 2 we report the ranking of the models, for different values of ρ . The 

results are quite clear cut, and three main comments are in order. First, the best model for 

any value of ρ  is an AR, with 4 lags when h=1 or 3 (our benchmark), and with AIC lag 

selection for h=6. The AR(4) ranks second for h=6, and the AR(AIC) ranks second for 

h=1,3. In both cases, it is better not to impose the presence of a unit root and not to 

include a linear trend in the model. AR models with unit roots imposed or pre-tested for 

appear in the ranking at, respectively, the third and fourth place for some values of ρ  and 

h. 

Second, time-varying models perform better than non-linear models, and the best 

time-varying models are the TVARs. In particular, when 2=ρ , the TVAR with 3 lags, 

constant and no unit root imposed ranks 4th for h=6, 10th for h=3 and 17th for h=1. 

Several other TVAR models are ranked 15th or lower, while the only LSTAR model in 

the top-15 has 3 lags, no unit root, and the transition variable is 6−−= ttt yyζ . 

Third, the performance of the neural network models is very poor, the best ranked 

model is only 35th. To make sure that this result is not driven by estimation problems due 

to the small sample size, we have repeated the estimation and forecasting exercises 

several times with different starting values and a very large number of iterations in the 

optimization routines, but the figures did not change. Moreover, Stock and Watson (1999, 

SW) got similar results with longer series for the US.3 

 

The ranking in Table 2 is based on the loss function in (9), which is an average over 

all the variables, so that the TV and non-linear models could still be valuable for some 

                                                 
2 Notice that testing for the significance of the loss function (9) across models is complicated by the fact 
that we are averaging over a large number of time series. In principal, the bootstrap could be used to 
provide standard errors around the estimated loss functions, see e.g. Marcellino, Stock and Watson (2004) 
for an application concerning the evaluation of dynamic estimation for forecasting with linear models. Yet, 
in our context with an even larger data set and many nonlinear models, the exercise becomes 
computationally cumbersome. 
3 Note that since we are comparing the average loss over about 500 variables, it is virtually impossible to 
provide standard errors for the measure in equation (9), and hence tests for whether the average loss 
between two models is statistically different from zero. Yet, the ranking in Table 2 definitely favors linear 
models. 
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series. To evaluate whether this is the case, we adopt the loss function in (8) with 2=ρ , 

i.e. the mean square forecast error (msfe), and we find the best forecasting model for each 

variable. In Table 3a we report the fraction of series for which a given method is the best 

(results for each model are available upon request). 

The picture is now rather different. The best methods for the largest proportion of 

series are ANN, which leads to the lowest msfe for 27% of the 480 series when h=1 and 

for 32% when h=6, and LSTAR, with 28% of the lowest msfe for h=3. The AR method 

ranks third, with values of 23% for h=1 and 6, and of 20% for h=3. Even though Stock 

and Watson (1999) do not explicitly mention it, a similar pattern emerges also for the US, 

see their Tables 3 and 4. 

The second panel of Table 3a shows that if we aggregate the models into linear, 

time-varying and non-linear methods, there is a substantial equivalence of the three 

approaches in terms of the fraction of best forecasting models, with only slightly lower 

values for the non-linear approach. 

In Table 3b we provide additional results for the models that perform best for the 

highest fraction of series in each class. In particular, we compute the fraction of series for 

which these models are the best or among the top 5, 10, 15 and 20. The resulting figures 

are of comparable magnitude across models, with slightly lower values for the no-change 

forecast. 

As mentioned in the Introduction, these results differ from what SW have found for 

the US because of the stronger importance of AR and time-varying models, likely due to 

the shorter and more unstable sample. 

To explain the mismatching ranking of Tables 2 and 3 we have to take a more 

disaggregate approach. First, for each variable we compute the relative msfe (rmsfe) of 

each forecasting model with respect to the benchmark AR(4), so that an rmsfe higher 

than one indicates that the method under analysis is worse than the benchmark. In 

formulae, the rmsfe of model j for variable m is: 

./
1

2
,,4

1

2
,,,4 ⎟

⎠

⎞
⎜
⎝

⎛
⎟
⎠

⎞
⎜
⎝

⎛
= ∑∑

−

=
+

−

=
+−

hT

t
mhtAR

hT

t
mhtjmARj

h eermsfe  (10) 

Then, for each model, we calculate the empirical distribution of the rmsfe over the 

variables. In Table 4 we report the mean of the distribution and some percentiles for 
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selected models (the best in Table 2 and those in Table 3b, results for all models are 

available upon request).  

The ranking in Table 2 for 2=ρ  is based on the mean of this distribution, while 

that in Table 3 in practice is based on the lower percentiles. Hence, we expect the 

ARFC0a (and the benchmark) to have a lower average rmsfe and a more concentrated 

distribution, while the ANN models, and more generally the models in Table 3b, should 

present higher dispersion and good performance in the lower tail of the distribution.  

The figures in Table 4 confirm our expectations. In particular, values of the rmsfe in 

the lower 10% tail of the distribution are substantially smaller than one for ANN, but also 

for LSTAR models, while some values in the upper 10% tail are very large. This could 

suggest using the median rather than the mean of the distribution to construct the ranking 

in Table 2. Yet, from the 6th column of Table 4 the median is also in general higher for 

non-linear than for linear models. It is important to take into consideration the whole 

distribution.  

It is also worth noting that the AR in levels with a constant and AIC lag length 

selection (ARFC0a) has a highly concentrated distribution over variables, most rmsfe are 

in the range 0.85 to 1.19 for h=1. The corresponding values for the ANN model ANF0b 

are 0.66 to 2.15, and 0.68 to 2.04 for the LSTAR model LS0063 (these are the best 

models in their class from Table 3b). Moreover, for these models the dispersion of the 

distribution increases much more rapidly with the forecast horizon, h, than for the AR 

model. 

These characteristics imply that the AR model has a much more stable performance 

over variables and forecast horizons than time-varying and non-linear models, but the 

latter can yield substantial gains for some variables and forecast horizons. In Section 6 

we will evaluate whether this is the case for some key macroeconomic variables, while in 

the next Section we analyze in more detail the issue of instability. 

 

 

5. Measuring the extent of instability 

Time-varying models work better than linear specifications for about one third of the 

series under analysis. Moreover, the success of the non-linear models can be also partly 
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due to instability. In this section we try to measure the extent of instability in the 

Monetary Union by applying a battery of parameter constancy tests to all the 480 

macroeconomic variables. We then repeat the forecasting exercise for the subset of 

unstable series, and verify whether the time-varying and non-linear models do perform 

better in this case. 

 

5.1 Instability Tests 

Following Stock and Watson (1996), who present a detailed analysis of instability 

for the US, we consider three different types of statistics. 

First, tests for constant versus randomly time-varying coefficients. This set includes 

Nyblom’s (1989, NY) locally most powerful test against the alternative of random walk 

coefficients (λ=0 versus λ >0 in equation (4)), and a Breusch and Pagan (1979, BP) 

Lagrange multiplier test against the alternative of iid random coefficients with constant 

mean and variance. 

Second, tests based on functions of the cumulative sum of OLS residuals from 

equation (1), see Ploeberger and Kramer (1992). We consider the supremum of the 

cumulative sum (KP1), and its mean square (KP2). 

Third, F-tests for constancy of the parameters against the alternative of a single 

break at an unknown date. The tests are computed recursively for a range of dates, say 

[t0,…,t1], where t0 and t1 are selected in order to discard the first and last 15% of the 

sample. Three functions of the resulting sequence of statistics are considered: the 

supremum (Quandt (1960, QLR)); the mean (Hansen (1992), Andrews and Ploeberger 

(1994), MLR); and the so called average exponential (Andrews and Ploeberger (1994), 

ALR). 

Stationarity transformations, i.e. logarithms and differencing, are applied to all 

series when needed (a detailed list is available upon request), and all series are 

represented as an AR process in levels, with 3 lags and a constant. In Table 5a we report 

results for the stability tests, using different significance levels and asymptotic critical 

values from the papers listed above. More precisely, we report the percentage of series 

for which the null hypothesis of stability is rejected. 
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Using a 10% significance level, the figures are in the range 20-40%, with lower 

values from the KP1 and KP2 tests, and higher values from the recursive F-tests. There is 

no clear-cut pattern of rejection of stability among series and countries (detailed results 

for each variable are available upon request, see also the Data Appendix and Section 6), 

even though price series and monetary aggregates appear often to be unstable. 

In Table 5b we investigate whether the detected amount of instability is robust to 

three extensions. First, instead of using a fixed lag length for all the series, we allow for 

BIC selection for each variable. Second, because of the short sample, the finite sample 

distribution of the tests could be different from its asymptotic counterpart. To address this 

issue, we have generated finite sample critical values by bootstrapping, following a 

procedure suggested by Stock and Watson (1996). Third, the performance of the 

Nyblom’s statistic and of the F-tests could be affected by the presence of 

heteroskedasticity in the errors. Hence, we consider a robust version of these tests, where 

the relevant covariance matrices are estimated by the White’s (1980) method. 

From Table 5b, BIC selection does not affect the outcome of the tests. Instead, the 

use of finite sample critical values substantially decreases the fraction of unstable series 

according to Nyblom’s statistic and the F-tests, values are now in the range 10-25%. The 

KP1, KP2 and BP tests are robust to the change of critical values, and still reject stability 

for about 20% of the series. The robust estimation of the covariance matrix further 

decreases the number of unstable series according to the F-tests, to values around 10%. 

Overall, we can conclude that tests for parameter stability reject this hypothesis for 

about 20-30% of the series. 

 

5.2 Forecast evaluation for unstable series 

We now evaluate whether the time-varying and non-linear models under analysis 

forecast better than linear specifications for the unstable series. In particular, we select 

those series for which the Nyblom’s test rejects at the 10% level using finite sample 

critical values, so that TVAR models should be particularly favored, see the Data 

Appendix for a list of these 134 variables.  

Table 6 reports the ranking of the top-10 models, according to the loss function in 

equation (9). An AR in levels, with a constant, and either a fixed or AIC selected number 
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of lags is still the best forecasting model on average. The main difference with respect to 

Table 2 is that now the TVAR3 ranks second when h=1 and 2=ρ . More generally, TV 

models appear more frequently in the top-10, actually they are the only models in the top-

10 not in the linear class, but still most of the top-10 models are linear. The ranking of 

STAR or ANN models does not improve significantly. This implies that, on average, 

linear models forecast comparatively well also in the presence of changing parameters.  

Yet, if we increase the level of disaggregation by focusing on the percentage of 

series for which a model forecasts best in msfe terms, the outcome is rather different. 

From Table 7a, the improved performance of time-varying models for unstable series is 

evident, in particular for h=3 and 6. When h=3 the TV models forecast best for 51% of 

the unstable variables, versus 38% in Table 3a, and for 37% when h=6, versus 29% in 

Table 3a. The performance of the linear models deteriorates at all forecast horizions, in 

particular for h=1,3, while that of the non-linear models improves slightly for h=1 and 6 

but deteriorates for h=3.  

Within the TV class, the performance of the TV-AR improves for all forecast 

horizons, that for the STAR models for h=3,6. This pattern is also reflected in Table 7b, 

the fraction of series for which the TV models are among the top-N, with N=5, 10 ,15, 

20, increases for all values of N with respect to Table 3b. 

We can further increase the level of disaggregation, by considering the performance 

of each model for each variable. In table 8 we report, for the best model in Table 6 and 

those in Table 7b, the mean of the empirical distribution of the msfe relative to the 

benchmark ARFC04, and some percentiles. If we focus on the mean, the ranking in Table 

6 (for 2=ρ ) is obviously confirmed. But if we look at the percentiles, it is evident that 

the time-varying and non-linear models in Table 7b can perform substantially better than 

the benchmark and the ARFC0a for a consistent fraction of series. Moreover, the whole 

empirical distribution for the TV and non-linear models is in general shifted to the left 

with respect to the case where all the variables are analyzed, see Table 4, which is 

consistent with the fact that these models should perform better for unstable variables. 

In summary, time-varying models forecast better for a larger fraction of unstable 

series, even though on average linear models are still the best. 
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6. Forecasting industrial production, unemployment and inflation 

In this section we focus on three key macroeconomic variables, namely, industrial 

production (IP), unemployment (UNEM) and inflation (INFL), for all the 11 countries 

originally in the EMU. More precisely, we focus on IP growth, the change in the 

unemployment rate, and the growth in consumer prices. 

In Table 9 we report the outcome of the stability tests for these variables. If we label 

unstable a variable when at least one test rejects, then inflation is the most unstable with 

10 rejections out of 11, followed by unemployment with 5 out of 10 (unemployment is 

not available for Portugal over the whole sample), and IP ranks third with 5 rejections out 

of 11. Overall, there appears to be enough instability for the time-varying and non-linear 

models to be potentially useful. 

In Table 10 we then compare the ranking of the competing models using the 

average loss function in equation (9) for several values of ρ, only the top-2 models are 

reported for each variable to save space. In the case of IP growth, the best models are 

linear, but for inflation an ANN model ranks second for h=1 and a TV model for h=3, 

while for unemployment time-varying models rank first (in particular, a TVAR for h=1 

and STAR models for h=3,6). Hence, for this variable even the average msfe can be 

reduced by forecasting with a model outside the linear class. 

Table 11 presents the ranking of the methods based on the fraction of series for 

which they msfe dominate. In this case time-varying methods perform rather well also for 

IP growth, in particular models in the STAR class and when h=1,3. The ANN models 

rank first in about 50% of the cases for unemployment, and they achieve good results also 

for inflation. Overall, linear models work well only in about 25% of the cases. 

 

 

7. Conclusions 

In this chapter we have provided an accurate analysis of the relative forecasting 

performance of linear, time-varying and non-linear models, using a very large dataset of 

480 macroeconomic variables for the countries in the European Monetary Union. The 



 16

main finding is that models outside the linear class are useful for a substantial fraction of 

the series, though on average over all variables AR models perform best. 

Three final comments are in order to interpret this result. First, as shown for 

example in Clements and Hendry (1998, 1999), the best forecasting model does not 

necessarily provide the closest approximation to the generating mechanism of the 

process. Yet, the fact that time-varying and non-linear models work well for a substantial 

fraction of the series, combined with the outcome of the instability tests and with the 

many social, economic and institutional changes that affected European countries over 

the past 20 years, provide enough evidence against the untested use of linear models. 

Second, unfortunately, the sample available is rather short, so that estimation and 

forecast evaluation have to be conducted on a limited number of observations. We have 

compensated for this effect by increasing substantially the number of series under 

analysis. Moreover, a longer sample would have likely improved the estimation of non-

linear and time-varying models, so that the results could point even more in their favor. 

Third, other non-linear or time-varying models could perform even better, and 

computation of the forecasts using simulation methods could further increase the forecast 

gains. 

Thus, this chapter would like to encourage applied researchers to go beyond 

linearity, and economists to investigate in more detail the economic rationale underlying 

the good performance of non-linear models. 
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Table 1 – Forecasting models 
 
 
Linear methods 
 
ARF(X,Y,Z)   Autoregressive models (18 models) 
     X = C (const.) or T (trend) 
     Y = 0 (stationary), 1 (I(1)), P (pre-test) 
     Z = 4 (4 lags), a (AIC), b (BIC) 
 
EX(X)    Exponential smoothing (3 models) 
     X = 1 (single), 2 (double), P (pre-test) 
 
NOCHANGE   No change forecast (1 model) 
 
 
Time-varying methods 
 
ARTVF(X,Y,Z)  Time-varying AR models (9 models) 
     X = C (const.)  
     Y = 0 (stationary), 1 (I(1)), P (pre-test) 
     Z = 3 (3 lags), a (AIC), b (BIC) 
 
LS(X,Y,Z)   Logistic smooth transition (6 models) 
     X = 0 (stationary), 1 (I(1)), P (pre-test) 
     Y = transition variable, 10 ( tt y=ζ ), 06 ( 6−−= ttt yyζ ) 
     Z = 3 (p, lag length) 
LSF(X,W)   Logistic smooth transition (6 models) 
     X = 0 (stationary), 1 (I(1)), P (pre-test) 
     W = a (AIC on transition variable and p), b (BIC) 
 
 
Non-linear methods 
 
AN(X,Y,Z,W)   Artificial neural network models (9 models) 
     X = 0 (stationary), 1 (I(1)), P (pre-test) 
     Y = 2 (n1) 
     Z = 0, 1, 2 (n2) 
     W = 3 (p, lag length) 
ANF(X,S)   Artificial neural network models (6 models) 
     X = 0 (stationary), 1 (I(1)), P (pre-test) 
     S = a (AIC on n1, n2, p), b (BIC) 
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Table 2 - Ranking of competing models with different loss functions 
       

       
Rank Horizon ρ=1 ρ=1.5 ρ=2 ρ=2.5 ρ=3 

       
1 h=1 ARFC04 ARFC04 ARFC04 ARFC04 ARFC04 
 h=3 ARFC04 ARFC04 ARFC04 ARFC04 ARFC04 
 h=6 ARFC0a ARFC0a ARFC0a ARFC0a ARFC0a 
       

2 h=1 ARFC0a ARFC0a ARFC0a ARFC0a ARFC0a 
 h=3 ARFC0a ARFC0a ARFC0a ARFC0a ARFC0a 
 h=6 ARFC04 ARFC04 ARFC04 ARFC04 ARFC04 
       

3 h=1 ARFT1a ARFT1a ARFT1a ARFC1a ARFC1a 
 h=3 ARFC0b ARFC0b ARFC0b ARFC0b ARFC0b 
 h=6 ARFC0b ARFC0b ARFC0b ARFC0b ARFC0b 
       

4 h=1 ARFC0b ARFC0b ARFC1a ARFTPa ARFTPa 
 h=3 ARFC1a ARFC1a ARFC1a ARFC1a ARFC1a 
 h=6 ARFC1a ARFC1a ARTVFC03 ARTVFC03 ARTVFC03 
       

5 h=1 ARFT1b ARFC1a ARFTPa ARFT1a ARFCPa 
 h=3 ARFTPa ARFTPa ARFTPa ARFTPa ARFTPa 
 h=6 ARFCPa ARFCPa ARFC1a ARFT1a ARTVFC0b 
       

6 h=1 ARFC1a ARFTPa ARFC0b ARFC0b ARFC0b 
 h=3 ARFCPa ARFCPa ARFCPa ARFCPa ARFCPa 
 h=6 ARFTPa ARFTPa ARFT1a ARFC1a ARFT1a 
       

7 h=1 ARFT14 ARFT14 ARFCPa ARFCPa ARFT1a 
 h=3 ARFC1b ARFC1b ARTVFC1b ARTVFC03 ARTVFC03 
 h=6 ARFT1a ARFT1a ARFCPa ARFCPa ARTVFC0a 
       

8 h=1 ARFTPa ARFT1b ARFT14 ARTVFC1b ARTVFC1b 
 h=3 ARFTPb ARTVFC1b ARTVFCPb ARTVFC1b ARTVFC1b 
 h=6 ARFC1b ARTVFC03 ARFTPa ARFTPa ARFC1a 
       

9 h=1 ARTVFC03 ARFCPa ARTVFC1b ARTVFC1a ARTVFC1a 
 h=3 ARFT1a ARFT1a ARFC1b ARTVFCPb ARTVFCPb 
 h=6 ARTVFC1a ARFT14 ARFT14 ARTVFC0b ARFCPa 
       

10 h=1 ARFCPa ARTVFC1b ARTVFC1a ARFT14 ARTVFCP3 
 h=3 ARTVFC1b ARFTPb ARTVFC03 ARTVFC1a ARTVFCPa 
 h=6 ARFCPb ARFC1b ARFT1b ARFT1b ARFT1b 
       

       
       

Notes: 
See Table1 for definition of models 
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Table 3a – Fraction of series for which a forecasting method has lowest msfe 
 
Method AR ES NoChange ARTV LSTAR ANN 

h=1 0.23 0.11 0.02 0.13 0.25 0.27 
h=3 0.20 0.09 0.02 0.10 0.28 0.27 
h=6 0.23 0.11 0.03 0.06 0.23 0.32 

       
       
Method Linear Time-varying Non-linear    

h=1 0.36 0.38 0.27    
h=3 0.31 0.38 0.27    
h=6 0.37 0.29 0.32    

 
Notes: 
Linear method includes AR,ES, No Change. 
Time-varying method includes ARTV, LSTAR. 
Non-linear method includes ANN. 
Figures do not sum up to one because of rounding errors. 
 
 
Table 3b – Fraction of series for which a forecasting model is in the top-N 
 

 N=1 N=5 N=10 N=15 N=20 
  

ARFT0b 0.03 0.12 0.22 0.32 0.39
 0.03 0.14 0.21 0.31 0.37
 0.04 0.14 0.19 0.26 0.32
  

EX1 0.05 0.16 0.25 0.30 0.36
 0.05 0.15 0.24 0.30 0.35
 0.05 0.16 0.25 0.29 0.36
  

NOCHANGE 0.02 0.08 0.12 0.16 0.21
 0.02 0.09 0.15 0.19 0.24
 0.03 0.13 0.19 0.23 0.27
  

ARTVFC03 0.04 0.14 0.24 0.35 0.44
 0.03 0.16 0.28 0.37 0.41
 0.02 0.07 0.21 0.31 0.38
  

LS0063 0.04 0.12 0.18 0.26 0.34
 0.04 0.13 0.22 0.30 0.37
 0.04 0.11 0.21 0.30 0.37
  

ANF0b 0.05 0.13 0.20 0.26 0.30
 0.04 0.14 0.22 0.28 0.33
 0.05 0.14 0.22 0.27 0.32

 
Notes: See Table 1 for definition of models 
The figures report the fraction of series for which a model is among the N models with the lowest msfe. 
The reported models are the best performers in each class for N=1. 
For each model, the three rows report result for, respectively, h=1,3,6. 
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Table 4 – Mean and percentiles of relative msfe for selected forecasting models 
 
Forecast     Mean     0.02     0.10     0.25     0.50     0.75     0.90     0.98  
 
  ARFC04     1.00     1.00     1.00     1.00     1.00     1.00     1.00     1.00  
             1.00     1.00     1.00     1.00     1.00     1.00     1.00     1.00  
             1.00     1.00     1.00     1.00     1.00     1.00     1.00     1.00  
  
  ARFC0a     1.01     0.85     0.94     0.99     1.00     1.03     1.08     1.19  
             1.01     0.77     0.92     0.98     1.00     1.04     1.08     1.21  
             1.00     0.66     0.84     0.94     1.00     1.03     1.14     1.38  
  
  ARFT0b     1.08     0.67     0.87     0.95     1.02     1.11     1.30     1.93  
             1.22     0.45     0.74     0.88     1.04     1.26     1.79     3.44  
             1.84     0.19     0.49     0.75     1.08     1.84     2.99     9.79  
 
     EX1     1.50     0.65     0.85     0.94     1.05     1.26     2.02     5.00  
             1.81     0.43     0.76     0.91     1.06     1.40     3.08     9.75  
             3.55     0.16     0.44     0.76     1.07     1.78     5.24    20.32  
 
NOCHANGE     1.67     0.64     0.88     1.02     1.24     1.56     2.24     5.00  
             1.90     0.42     0.77     0.95     1.22     1.63     3.04     9.75  
             3.65     0.15     0.44     0.81     1.27     2.18     4.56    18.28  
 
ARTVFC03     1.03     0.72     0.90     0.96     1.01     1.07     1.17     1.52  
             1.07     0.59     0.81     0.92     1.01     1.12     1.34     2.14  
             1.24     0.37     0.62     0.86     1.04     1.29     1.96     3.94  
 
  LS0063     1.14     0.68     0.88     0.97     1.05     1.16     1.36     2.04  
             1.15     0.55     0.81     0.95     1.05     1.21     1.60     2.52  
             1.36     0.27     0.60     0.84     1.03     1.35     2.23     4.93  
 
   ANF0b     1.31     0.66     0.88     0.98     1.08     1.24     1.53     2.15  
             1.42     0.41     0.78     0.95     1.14     1.47     2.09     4.76  
             2.75     0.16     0.48     0.87     1.30     2.15     4.13    12.17  
 

 
Notes: 
The models are the best in Table 2 and those in Table 3b 
The benchmark model is ARFC04 
For each forecast the three rows correspond to, respectively, h=1, 3, 6 
See Table 1 for the definition of the models 
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Table 5a –Stability Tests 
 
 
Percentage of series significant at  
 
                 NY     KP1   KP2     BP    QLR     MLR    ALR  
10% level       27.9   22.5   20.6   31.5   40.8   34.6   41.7  
 5% level       21.0   16.0   16.9   26.7   35.2   28.5   35.2  
 1% level        8.3    5.2    9.6   17.3   24.6   17.5   23.3  
 
Notes: 
The model is an AR3, except for the second line where the lag length is selected by BIC 
NY is Nyblom’s (1989) test 
KP1 and KP2 are the Ploeberger and Kramer’s (1992) supremum and mean square tests 
BP is Breusch and Pagan’s (1979) Lagrange multiplier test 
QLR is Quandt’s (1960) supremum F-test 
MLR is Andrews and Ploeberger’s (1994) mean F-test 
ALR is Andrews and Ploeberger’s (1994) average exponential F-test 
 
 
Table 5b –Stability Tests, sensitivity analysis 
 
 
Percentage of series significant at the 10% 
 
Lag L    Cval     H-R    NY     KP1     KP2      BP      QLR     MLR     ALR 
Fixed    Asy.     No    27.9    22.5    20.6    31.5    40.8    34.6    41.7  
BIC      Asy.     No    25.4    21.9    20.4    33.5    41.7    33.8    39.6  
Fixed    MC       No    10.6    24.8    21.3    20.0    25.6    16.5    23.8  
Fixed    MC       Yes    8.8     --      --      --     10.8    10.6    11.3  
 
 
Notes: 
Lag L indicates whether the lag length is fixed at 3 or BIC determined 
Cval indicates whether the critical values are asymptotic or for finite sample (MC) 
H-R indicates robust estimation of the relevant covariance matrices 
See the Notes to Table 5a for a description of the tests 
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Table 6 - Unstable series , ranking of competing models with different loss functions 
 
 
Rank           ρ=1         ρ=1.5        ρ=2          ρ=2.5         ρ=3 
 
  1   h=1    ARFT1b       ARFC04       ARFC04       ARFC04       ARFC04  
      h=3    ARFT1a       ARFC0a       ARFC0a       ARFC0a       ARFC04  
      h=6    ARFC0a       ARFC0a       ARFC0a       ARFC0a       ARFC0a  
  
  2   h=1    ARFT1a     ARTVFC03     ARTVFC03       ARFC0a       ARFC0a  
      h=3    ARFC0a       ARFT1a       ARFC04       ARFC04       ARFC0a  
      h=6    ARFC04       ARFC04       ARFC04       ARFC04       ARFC04  
  
  3   h=1    ARFC04       ARFT1a       ARFT1a       ARFC0b       ARFC0b  
      h=3    ARFT1b       ARFC04       ARFC0b       ARFC0b       ARFC0b  
      h=6    ARFC0b       ARFC0b       ARFC0b       ARFC0b       ARFC0b  
  
  4   h=1  ARTVFC03       ARFT1b       ARFC0a       ARFT14       ARFT14  
      h=3    ARFT14       ARFC0b       ARFT1a       ARFT1a       ARFT1a  
      h=6    ARFT1a       ARFT1a       ARFT1a       ARFT1a       ARFT1a  
  
  5   h=1    ARFT14       ARFT14       ARFT14       ARFT1a       ARFT1a  
      h=3       EXP       ARFT1b       ARFT14     ARTVFC03     ARTVFC03  
      h=6    ARFT14       ARFT14       ARFT14       ARFT14       ARFT14  
  
  6   h=1    ARFC0b       ARFC0a       ARFT1b     ARTVFC03       ARFT1b  
      h=3    ARFC0b       ARFT14       ARFT1b       ARFT14       ARFT14  
      h=6    ARFT1b       ARFT1b       ARFT1b       ARFT1b       ARFT1b  
  
  7   h=1    ARFC0a       ARFC0b       ARFC0b       ARFT1b     ARTVFC03  
      h=3    ARFC04     ARTVFC03     ARTVFC03       ARFT1b       ARFT1b  
      h=6  ARTVFC03     ARTVFC03     ARTVFC03     ARTVFC03     ARTVFC03  
  
  8   h=1       EXP          EXP          EXP     ARTVFC1b     ARTVFC1b  
      h=3  ARTVFC03          EXP          EXP     ARTVFC0b     ARTVFC0b  
      h=6       EXP     ARTVFC0b     ARTVFC0b     ARTVFC0b     ARTVFC0b  
  
  9   h=1       EX2          EX2     ARTVFC1b     ARTVFC1a     ARTVFCPb  
      h=3       EX2     ARTVFC0b     ARTVFC0b     ARTVFC0a     ARTVFC0a  
      h=6       EX2     ARTVFC0a     ARTVFC0a     ARTVFC0a     ARTVFC0a  
  
 10   h=1  ARTVFC0a     ARTVFC1b     ARTVFC1a     ARTVFCPb     ARTVFC1a  
      h=3  ARTVFC0b     ARTVFC0a     ARTVFC0a          EXP          EXP  
      h=6    ARFC1a          EXP          EXP          EXP          EXP  
  
 
 
Notes: 
See Table1 for definition of models 

The loss function is ∑
=

=
N

n n
h

mn
h

m
h

Loss
Loss

N
Loss

1 1,

, ,1
   ∑

−

=
+−

=
hT

t
mnhtmn

h e
hT

Loss
1

,,, ,1 ρ
 where the 

benchmark model is ARFC04 and hte +  is the h-step ahead forecast error 
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Table 7a – Fraction of unstable series for which a forecasting method has lowest msfe 
 
Method AR ES NoChange ARTV LSTAR ANN 

h=1 0.17 0.04 0.04 0.17 0.21 0.31 
h=3 0.15 0.1 0.01 0.16 0.35 0.20 
h=6 0.22 0.08 0.05 0.08 0.29 0.28 

       
       
Method Linear Time-varying Non-linear    

h=1 0.25 0.38 0.31    
h=3 0.17 0.51 0.20    
h=6 0.35 0.37 0.28    

 
 
Notes: 
Linear method includes AR,ES, No Change. 
Time-varying method includes ARTV, LSTAR. 
Non-linear method includes ANN. 
Figures do not sum up to one because of rounding errors. 
 
 
Table 7b – Fraction of unstable series for which a forecasting model is in the top-N 
 
 N=1 N=5 N=10 N=15 N=20
      

ARFT1b 0.02 0.12 0.30 0.39 0.54
 0.04 0.14 0.28 0.35 0.48
 0.04 0.17 0.25 0.34 0.43
      

EX1 0.01 0.13 0.20 0.25 0.34
 0.06 0.13 0.22 0.25 0.30
 0.04 0.14 0.21 0.24 0.31
      
NOCHANGE 0.04 0.13 0.18 0.24 0.29
 0.01 0.11 0.16 0.20 0.26
 0.05 0.13 0.21 0.24 0.28
      

ARTVFC03 0.09 0.23 0.34 0.49 0.57
 0.06 0.19 0.33 0.46 0.51
 0.03 0.07 0.23 0.34 0.40
      

LS0103 0.03 0.13 0.25 0.34 0.40
 0.07 0.25 0.33 0.39 0.46
 0.07 0.21 0.31 0.36 0.41
      

ANF0b 0.09 0.21 0.29 0.37 0.39
 0.04 0.18 0.27 0.34 0.40
 0.05 0.18 0.29 0.36 0.41
 
 
Notes: See Table 1 for definition of models 
The figures report the fraction of series for which a model is among the N models with the lowest msfe. 
The reported models are the best performers in each class for N=1. 
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Table 8 – Unstable series, mean and percentiles of relative msfe for selected forecasting models 
 
Forecast     Mean     0.02     0.10     0.25     0.50     0.75     0.90     0.98  
 
  ARFC04     1.00     1.00     1.00     1.00     1.00     1.00     1.00     1.00  
             1.00     1.00     1.00     1.00     1.00     1.00     1.00     1.00  
             1.00     1.00     1.00     1.00     1.00     1.00     1.00     1.00  
  
  ARFC0a     1.01     0.87     0.97     0.99     1.00     1.03     1.07     1.20  
             0.99     0.74     0.89     0.97     1.00     1.04     1.08     1.20  
             0.98     0.62     0.81     0.91     0.98     1.03     1.15     1.37  
  
  ARFT1b     1.01     0.69     0.84     0.95     1.01     1.06     1.18     1.45  
             1.03     0.34     0.62     0.87     1.03     1.17     1.34     2.06  
             1.29     0.14     0.35     0.68     1.01     1.29     2.74     5.19  
  
     EX1     1.59     0.70     0.86     0.95     1.09     1.48     2.14     4.57  
             1.91     0.39     0.74     0.92     1.15     1.86     3.84     7.42  
             2.83     0.15     0.40     0.79     1.36     2.63     6.23    18.26  
  
NOCHANGE     1.67     0.64     0.85     1.00     1.14     1.63     2.36     4.57  
             1.94     0.36     0.73     0.94     1.18     1.96     3.84     7.42  
             2.86     0.13     0.39     0.79     1.38     2.64     6.23    18.26  
  
ARTVFC03     1.01     0.68     0.85     0.92     0.99     1.05     1.17     1.53  
             1.03     0.56     0.75     0.87     0.97     1.10     1.29     2.57  
             1.33     0.28     0.50     0.83     1.03     1.47     2.05     3.94  
  
  LS0103     1.15     0.68     0.88     0.96     1.06     1.18     1.45     1.89  
             1.19     0.46     0.73     0.87     1.05     1.35     1.73     2.89  
             1.67     0.12     0.40     0.70     1.09     1.68     3.46     8.21  
  
   ANF0b     1.13     0.67     0.82     0.94     1.05     1.21     1.41     2.15  
             1.40     0.33     0.73     0.90     1.13     1.41     2.07     4.54  
             2.57     0.08     0.33     0.66     1.15     2.63     6.28    14.97  
 
  

 
Notes: 
The benchmark model is ARFC04 
The models are the best from Table 6 and those from Table 7b 
For each forecast the three rows correspond to, respectively, h=1, 3, 6 
See Table 1 for the definition of the models 
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Table 9 –Stability Tests for Unemployment, IP and Inflation 
 
 
Series NY  KP1  KP2 BP QLR MLR  ALR  
        
Ger-UNEM  0.86  1.08  0.25  5.98  11.76  5.38  3.33  
Ger-IP 0.78  1.14  0.19  4.85  12.11  4.63  3.87  
Ger-INFL 1.03  1.13  0.3  8.48 ** 13.6  7.92 ** 4.89 *
Ita-UNEM 0.47  0.87  0.17  10.29 ** 8.71  3.78  2.41  
Ita-IP 0.57  0.58  0.07  2.15  8.37  3.3  2.13  
Ita-INFL 0.78  0.73  0.21  7.54 * 11.23  5.3  3.08  
Spa-UNEM 0.83  0.79  0.16  1.34  19.65 ** 6.89 * 6.81 **
Spa-IP 1.34 ** 0.99  0.14  5.76  16.21 ** 8.21 ** 5.53 **
Spa-INFL 1.74 *** 1.51 ** 1.07 *** 9.52 ** 39.79 *** 15.01 *** 15.76 ***
Fra-UNEM 0.34  0.66  0.08  3.44  6.89  2.06  1.5  
Fra-IP 0.52  0.64  0.09  7.43 * 6.69  2.95  1.82  
Fra-INFL 1.3 ** 1.04  0.44 * 3.18  30.39 *** 15.45 *** 11.48 ***
Aus-UNEM 0.4  0.69  0.06  9.16 ** 9  2.4  1.91  
Aus-IP 0.8  0.64  0.07  0.78  8.85  4.59  2.79  
Aus-INFL 0.39  0.94  0.26  0.78  9.34  2.71  2.33  
Lux-UNEM 0.92  1.23 * 0.38 * 7.59 * 9.96  5.33  3.22  
Lux-IP 0.58  0.98  0.24  5.1  9.52  3.23  2.38  
Lux-INFL 0.77  1.08  0.19  5.32  19.47 ** 4.89  5.7 **
Net-UNEM 1.99 *** 0.75  0.13  9.26 ** 23.88 *** 11.03 *** 7.4 ***
Net-IP 0.49  0.48  0.02  5.54  7.16  3.49  2.17  
Net-INFL 1.28 ** 1.26 * 0.34 * 4.17  20.85 *** 10.5 *** 7.33 ***
Fin-UNEM 1.92 *** 0.85  0.14  8.65 ** 135.35 *** 54.7 *** 63.69 ***
Fin-IP 1.27 ** 1.31 * 0.31  3.45  17.09 ** 8.71 ** 5.66 **
Fin-INFL 1.41 ** 1.5 ** 0.78 *** 3.06  20.2 *** 12.47 *** 7.6 ***
Por-IP 0.46  1.29 * 0.23  1.59  8.79  2.66  2.15  
Por-INFL 1.23 ** 1.15  0.57 ** 27.29 *** 38.04 *** 11.05 *** 14.85 ***
Bel-UNEM 0.66  0.98  0.18  4.65  8.93  4.47  2.76  
Bel-IP 0.32  0.72  0.08  11.21 ** 5.44  1.48  0.89  
Bel-INFL 1.66 *** 1.48 ** 0.5 ** 12.35 *** 35.86 *** 14.38 *** 13.41 ***
Ire-UNEM 0.63  0.83  0.23  1.58  11.06  4.55  3.02  
Ire-IP 0.69  0.98  0.28  1.9  7.77  4.13  2.34  
Ire-INFL 1.4 ** 0.93  0.2  0.98  16.13 ** 8.49 ** 6.14 **
 
 
Notes: 
The model is an AR3 for the change in unemployment, and growth in IP and CPI 
NY is Nyblom’s (1989) test 
KP1 and KP2 are the Ploeberger and Kramer’s (1992) supremum and mean square tests 
BP is Breusch and Pagan’s (1979) Lagrange multiplier test 
QLR is Quandt’s (1960) supremum F-test 
MLR is Andrews and Ploeberger’s (1994) mean F-test 
ALR is Andrews and Ploeberger’s (1994) average exponential F-test 
*, **, and *** indicate significance at, respectively, 10%, 5% and 1% level 
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Table 10 - Ranking of competing models with different loss functions, selected series 
 
IP growth 
 
Rank         ρ=1           ρ=1.5        ρ=2          ρ=2.5         ρ=3 
 
  1   h=1    ARFTP4       ARFTP4       ARFTP4       ARFTP4       ARFCP4  
      h=3    ARFTP4       ARFCP4       ARFTP4       ARFCP4       ARFCP4  
      h=6    ARFCPa       ARFCP4       ARFTP4       ARFTP4     ARTVFC13  
  
  2   h=1    ARFC14       ARFC14       ARFC14       ARFC14       ARFC14  
      h=3    ARFC14       ARFC14       ARFC14       ARFC14       ARFC14  
      h=6    ARFTPa       ARFC14       ARFC14       ARFC14     ARTVFCP3  
 
  
Unemployment (change) 
 
Rank         ρ=1          ρ=1.5        ρ=2          ρ=2.5         ρ=3 
 
  1   h=1  NOCHANGE     ARTVFCP3     ARTVFCP3     ARTVFC13     ARTVFC13  
      h=3    LSP063       LS1063       LS1063       LSP063       LSP063  
      h=6    ANP213       ANP213        LSF1a        ANF1b        ANFPb  
  
  2   h=1    ARFTPb     ARTVFC13     ARTVFC13     ARTVFCP3     ARTVFCP3  
      h=3    LS1063       LSP063       LSP063       LS1063       LS1063  
      h=6    AN1213       AN1213        LSFPa        ANFPb        ANF1b  
 
 
CPI inflation 
 
Rank         ρ=1           ρ=1.5        ρ=2          ρ=2.5         ρ=3 
 
  1   h=1    ARFC04       ARFC04       ARFC04       ARFC04       ARFC04  
      h=3    LS0103       ARFC04       ARFC04       ARFC04       ARFC04  
      h=6    AN0223       ARFC04       ARFC04       ARFC0a       ARFC0a  
  
  2   h=1     ANF0b        ANF0b        ANF0b        ANF0b        ANF0b  
      h=3    ARFC04       LS0103       LS0103       LS0103       LS0103  
      h=6    ARFC04       AN0223       ARFC0a       ARFC04       ARFC04  
  
 
Notes:  
See Table1 for definition of models 
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benchmark model is ARFC04 and hte +  is the h-step ahead forecast error  
Unemployment for Portugal is not available 
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Table 11 - Fraction of series for which a forecasting method has lowest msfe 
 
IP growth 
 
Method AR ES NoChange ARTV LSTAR ANN 

h=1 2/11 - - 1/11 7/11 1/11 
h=3 1/11 1/11 - 2/11 6/11 1/11 
h=6 4/11 - - 1/11 - 6/11 

       
       
Method Linear Time-varying Non-linear    

h=1 2/11 8/11 1/11    
h=3 2/11 8/11 1/11    
h=6 4/11 1/11 6/11    

 
Unemployment (change) 
 
Method AR ES NoChange ARTV LSTAR ANN 

h=1 3/10 1/10 - 2/10 - 4/10 
h=3 2/10 - - - 3/10 5/10 
h=6 1/10 1/10 - - 3/10 5/10 

       
       
Method Linear Time-varying Non-linear    

h=1 4/10 2/10 4/10    
h=3 2/10 3/10 5/10    
h=6 2/10 3/10 5/10    

       
       
       
CPI inflation 
 
Method AR ES NoChange ARTV LSTAR ANN 

h=1 3/11 1/11 - 1/11 - 6/11 
h=3 2/11 - - 2/11 5/11 2/11 
h=6 1/11 - 1/11 1/11 3/11 5/11 

       
       
Method Linear Time-varying Non-linear    

h=1 4/11 1/11 6/11    
h=3 2/11 7/11 2/11    
h=6 2/11 4/11 5/11    

 
 
Notes: 
Unemployment for Portugal is not available 
Linear method includes AR,ES, No Change.  
Time-varying method includes ARTV, LSTAR. 
Non-linear method includes ANN. 
  
 


