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1 Introduction

Predicting the future evolution of macroeconomic variables has always been a central concern
in economics. Among which GDP growth and inflation are the most vital indicators for
investors, government and economists to make certain decisions. Numerous research has been
done to analyze the models for forecasting GDP growth and inflation. Some of these models
are economic theory-based while the others are time series models. Good time series models
can not only provide outstanding forecasts but also indicate to what extent economic theory
adds value in forecasting. As for long time panel, simple linear models may not be flexible
enough to explain the patterns in macroeconomics time series due to the continuous changes
in politics, economics and culture. In this regard, time-varying and neural network models,
which are more flexible, could have a comparative advantage in forecasting. Marcellino (2007)
compares the performance of 55 univariate models to evaluate whether the more sophisticated
times series methods outperform standard linear models when forecasting US GDP growth
and inflation. By comparing individual horizon analysis, Marcellino (2007) concludes that
the general linear time series models cannot be easily beaten if they are carefully specified.
However, the forecast performance should not only be compared at the individual horizon
level. The full forecast path is also important in many cases while making fiscal and monetary
decisions. Moreover, when comparing the performance of a large number of models, the
individual horizon analysis may lead to incoherent results. As some models provide better
predictability in the short run, others can work well in the long run, or give impressive results
in some specific horizons. Hence, the traditional approach which compares the performance
at different horizons independently is less intuitive and also less efficient when comparing

multiple models.

Recently, Quaedvlieg (2018) presents a test method which compares the forecasting per-
formance at a multi-horizon level instead of individual horizon level. This has a superior
advantage to the original way of determining which model outperform the other. The author
has proposed two types of test statistics regarding the concept of multi-horizon superior pre-

dictive ability(SPA). The statistic of uniform SPA (uSPA) indicates a model has a lower loss



at each individual horizon while the statistic of average SPA(aSPA) considers the average loss
level of a forecast. Quaedvlieg (2018) applies the multi-horizon test on the research results
by Marcellino et al. (2006), which evaluates the performance difference in iterated and direct
forecasting method. The test results imply that the multi-horizon analysis can provide a

more comprehensive and more consistent picture in comparing forecast path accuracy.

In this research, we compare the forecasting performance of 13 univariate models in 8 horizons
for GDP and inflation growth. The selected models cover 3 categories: (1)Linear models,
(2)Time-varying models, and (3)Artificial neural network (ANN) models'. We not only
investigate the performance of each model in the individual horizon but also jointly take all
horizons into account by using aSPA and uSPA test. The method we used to compare the
performance in individual horizon is Diebold-Mariano test. The input of all tests is the loss
function defined by mean squared prediction error (MSE) . The analysis of each model can
be applied both in-sample and out-of-sample. As our emphasis is on the complete forecasting

path of GDP and inflation change, we only assess the out-of-sample performance.

The data set that used in this study is the quarterly GDP growth and consumer price
index(CPI) of France, Greece, The Netherlands and Portugal. The country selection is based
on the GDP correlation between European countries. The time span ranges from 1969q1 to
2019g4? which covers the evolution of GDP and inflation for 50 years. This is a rather long
time span which covers a few business cycles and different behaviors of GDP growth and
inflation. We are forecasting with a rolling window of 124 quarters which is from 1969q1 to

1999g4 and the out-of-sample forecasting start from 2000q1.

The methodology framework is extracted from Stock and Watson (1998) and Marcellino
(2007), which both analyze a large number of univariate models on forecasting US macroe-
conomic time series. They compare the predictability of each type of model without pre-
specifying them. The forecasting methods that used in this study lie in the same categories
of these literature, but for non-linear methods, we choose different models. The aim of this

study is to further research on the forecasting performance of univariate models from both

I <The detailed model specification is shown in table 3 >
2<For GDP growth ranges from 1969q1 to 2019q3 >



individual horizon level and multi-horizon level. In addition, this analysis also investigates

the performance of these models when forecasting various times series.

The structure of this paper is reported as follow. Section 2 discusses the existing literature
of macroeconomic forecasting and the performance of different univariate models. Section 3
illustrates the data sets that we used, followed by section 4 provides the model specification
and introduction of the tests. In section 5, we investigate the empirical results of the chosen
models. Section 6 discusses the application of the finding and limitations of this study. Last

but not least, section 7 concludes.

2 Literature Review

A large variety of models are proposed to analyse and forecast macroeconomic variables, and
the styles have evolved more and more sophisticated along time. In general, there are more
researches about factor models than univariate models in this area. Riinstler et al. (2009)
has conducted a real-time forecast exercise for GDP growth with large datasets where they
included uni-variate models as a benchmark to test the predictability of other popular factor
models. In this section, we first have an insight into former literature which compares the
performance of univariate models. Then discuss the previous studies on evaluating model’s

forecasting abilities.

2.1 Empirical research on univariate models

Several popular research regarding forecast macroeconomics variables with univariate models
are conducted by Massimiliano Marcellino, James H. Stock and Mark W. Watson since 1990s.
Stock and Watson (1998) analyze 49 univariate models to see if the non-linear methods
outperform the simple linear models in practice and further test the benefit of using non-
parametric approaches. They also combine different methods to tested the predictability
of the pooling procedure. With the evidence of modeling and predicting 215 U.S. monthly

macroeconomic time series, they find the best performance is the pre-specified AR model, and



this result can be further improved by combining with other methods. Marcellino et al. (2003)
and Marcellino (2004) make research in this line for European area. The latter literature
evaluates 58 univariate models and 18 pooling procedures of about 500 macroeconomics
variables for 11 countries in European Monetary Union (EMU). They again find the pooling
methods usually give good results, but for some series, simple linear models can outperform
any other methods. Last but not least, non-linear models forecast best for unstable series

which lead to outstanding results for some specific variables of some countries.

Later, Marcellino et al. (2006) conduct research to compare the forecasting performance of
direct and iterated methods with univariate and bivariate models. By simulating the out-of-
sample forecast to 170 U.S. macroeconomics time series, they conclude that iterated method
provides a better forecast in most of the time and the difference is more distinct when the
model is specified with long-lag selection. One year later, Stock and Watson (2007) analyze
the structure terms of U.S. inflation and reveal the challenge of forecasting it. In this study,
they find the univariate models outperform multi-variate models in describing the patterns
of inflation and the time-varying method with moving average process gives the best results.
Same year Marcellino (2007) propose further research base on Marcellino (2004) regarding
forecasting GDP growth and inflation in the U.S who compares 55 univariate models in order
to find a linear benchmark. In general, they find the linear methods still outperform more
sophisticated time series models. However, in some cases, non-linear specifications can yield

substantial gains.

In both Stock and Watson (1998) and Marcellino (2007), artificial neural network(ANN) mod-
els are analyzed as comparison to linear methods. However, the performance of such models
were not as stable and accurate as the linear methods in their sample. Since the computing
power are better now than ever, researches never stop in finding more accurate machines
learning(ML) models. Inoue and Kilian (2008) show that integrating bagging method in pre-
dicting macroeconomic series can reduce mean squared prediction errors(MSE) significantly
and outperform the univariate benchmark in forecasting U.S. inflation. A newly propose
research Medeiros et al. (2019) also further study on the base of Stock and Watson (1998)

regarding ML. methods. They analyze a vast of MLL models in forecasting U.S. inflation and



find some of them can give better results than the AR benchmark for several horizons. More
advanced models are tested by Cook and Hall (2017) who aim to improve the accuracy of
predicting macroeconomic variables with deep neural network methods. Their results show
that most of the neural network methods outperform the benchmark in the early horizons
while the model based on encoder-decoder architectures give the most superior results up to
the fourth quarter in forecasting U.S. unemployment rate. In our analysis, we only adopt
single layer artificial neural network model as comparison with different hidden units for the

simplicity.

2.2 Forecast evaluation methods

There are alternative ways to evaluate the forecasting ability of models. One typical method
is the forecast encompassing test which proposed by Chong and Hendry (1986) and Fair
and Shiller (1988). This method analyzes two sets of forecast and test whether one provides
additional information than the other. The test approach of Diebold and Mariano (1995)
emphasizes the accuracy difference of two competing forecasts which can be applied in many
cases regardless of multi-types of forecast error. Later on, the Diebold-Mariano(DM) test
becomes popular to test for the significant difference between two set of forecasts on the
individual horizon level. Base on the framework of Diebold and Mariano (1995), White
(2000) develop a direct procedure to test if the best model among a bunch of methods has
benefit from data reusing which is practically unavoidable in forecasting time series. Also to
tackle the problem of data snooping, Hansen (2005) updates the SPA test of White (2000)
by implementing the reality check(RC). The test from Giacomini and White (2006) is more
focus on the out-of-sample predictive ability and take into account the conditional evaluation.
Their method help greatly in finding the most performing model under different economic
conditions. All above tests compare the accuracy of forecasting performance on the individual
horizon level. Based on them, Quaedvlieg (2018) introduced a multi-horizon SPA test which
jointly compares the forecasting results from each horizon. He has segmented the test into
i) uniform multi-horizon SPA(uSPA) test which compares the loss at individual horizons;

ii) average multi-horizon SPA(aSPA) which allows the superior results at some horizons to



cover the loss at poor performance horizons. By applying the uSPA and aSPA pairwise test,
one can easily compare the forecasting ability of two models for the whole forecast paths.
From Diebold and Mariano (1995) to Quaedvlieg (2018), their goal is to test for multi-
horizon SPA within a finite sample, which compares the accuracy of forecasts generated by
the estimated value of parameters. A similar concept is to test for the SPA in a population
level which compares the accuracy of forecasts implied by population value of parameters.

More literature in this line can be consulted in Clark and McCracken (2013).

The superior predictive ability (SPA) tests use loss functions as input, which are derived from
respective forecasting errors. Some typical loss functions are the common mean absolute
error(MAE) and the mean square predict error (MSE). The loss level itself can also be
analyzed to see the forecasting performance. However, a lower loss level does not imply the

difference between two set of forecasts is significant. Hence, further tests are needed.

In this study, we are interested in finding a benchmark model in forecasting GDP and in-
flation growth and have two extensions comparing to previous studies: 1) The benchmark
model is not only selected by individual horizon comparison, but also through multi-horizon
comparison. To do so, we first analyze the MSE of all models, then apply the DM, uSPA,
aSPA tests to access the forecasting performances. IT) We analyze 3 types of univariate model
which include simple AR models, time-varying models and more sophisticated NN models
to 4 European countries with different fundamentals. We aim to have a more comprehensive
understanding of these models while forecasting diverse time series. Therefore, we know the

reliability of a benchmark model to predict various time series.



3 Data

In this section, we give a more detailed description of data selection and corresponding
descriptive statistics. The data used in this research is obtained from the OECD Database.
First, we collect the quarterly GDP growth and quarterly CPI for 27 European Union (EU)
countries from 1969q1 to 2019q4 3. Then according to the data completeness, 12 countries
are maintained for the further research. For the purpose of this paper, we desire variety in
time series. Hence a correlation matrix is generated to find the correlation of GDP between
countries. Later we rank the level of correlations for each country, and the 1st, 4th, 8th and
12th rank are chosen for the further research. The correlation matrix for CPI has also been
generated; however, the correlation between CPI of all countries are considerably high as you
can find both correlation matrix in table 14.a, 14.b in Appendix. Therefore, we only choose
the countries by the correlation level of GDP. The selected countries are France, Greece, The
Netherlands and Portugal where Greece is the least correlated country with the other 11
countries regarding GDP, France is the most correlated country with the rest countries, and

The Netherlands and Portugal are the 4th and 8th correlated countries respectively.

3.1 GDP Growth

The data collected for GDP is measured by the percentage change of the previous period,
and the data frequencies are quarterly. Hence it can be interpreted as the quarterly GDP
growth. The length of the time series covers 50 years until the third quarter of 2019. The
total observation is 203 for each country, and there is no missing value. The descriptive
statistics of four countries are shown in table 1 and the plot of GDP growth revolution can
be seen in figurel. The unit-root tests have been applied to 4 time series and the augmented
Dickey—Fuller (ADF) statistics are listed in the table. All ADF statistics are significant at
1% confidence level, which indicates all time series is stationary. Moreover, the Breusch-
Pagan test is also applied to all time series to detect for heteroskedasticity. Observe from

the x? values, Greece and the Netherlands do not have constant variance and hence indicate

3<Sample length is from 1969q1 to 2019q3 for GDP due to most data availability. >



heterskedaticity in the time series.

Abbv. Mean Med. St.Dev Min Max ADF e
France FRA 045 0.50 0.56 -1.66 2.45 -5.22%FF (.46
Greece GRC 0.25 045 2.62 -6.85 10.43 -5.03*** 12.2]%***
The Netherlands NLD  0.52  0.62 1.13  -4.91 5.83 -4.76%*** 7.33***
Portugal PRT 047 057 120 -252 490 -583%F 180

Table 1: Descriptive statistic for GDP growth rate with ADF, x? test statistics. *** implies the respective
p-value is lower than 0.01.
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Figure 1: GDP growth evolution of 4 countries

In general, the Netherlands has the highest average growth rate in GDP from 1969 to 2019,
while Greece had the lowest average GDP growth. In the meantime, France had the smallest

volatility over the four countries, while Greece had the most volatile GDP growth. From

8



Figurel one can observe that before 1995, all countries showed comparatively larger volatility
then beyond and around 2008, there is a significant dip in GDP growth for all countries. For

each country, GDP growth fluctuates around a corresponding fix level.

3.2 Inflation Growth

Inflation is a quantitative measurement of the increase in the average price level of a basket
of goods and services purchased by people or household in an economy over a time period. It
can also indicate the purchasing power of the nation’s currency. If the inflation of a country
increases, the corresponding currency depreciates. In this research, we also interested in
forecasting inflation growth. The data is obtained from the OECD database, which covers
1969q1 to 2019g4. The total observation is 204, and there is no missing value. The original
data series is the Consumer Price Index(CPI) with the base year 2015, and we calculate the

inflation growth in year ¢ by the following method:

CPI

Alnflation; = Pl
t—1

The descriptive statistics of CPI growth are shown in table 2 and the evolution charts are
demonstrated in figure 2. In general, we can see that CPI growth is less volatile than GDP
growth. Among the 4 countries, Greece and Portugal have relatively higher inflation growth
which are around 2%. Meanwhile, The Netherlands and France have lower inflation growth
which are both around 1%. Different from GDP, inflation growth does not fluctuate around a
fixed number but sometimes show a trend. For instance, CPI growth of France from 1970 to
1990 first shows an upward trend then a downward trend. The volatility of CPI growth before
1990 is larger than after for every country and the level of CPI growth is also higher. After
1995, most countries have relatively steady change in CPI growth. The stationary test is also
applied to each time series. The inflation growth of Portugal and Greece are stationary at
1% and 5% significant level respectively. However, France and The Netherlands do not have
stationary CPI growth rate. As we are forecasting with roiling window and more focus on

the out-of-sample performance, further test of stationary is conducted to the out-of-sample



time series. Then for both France and The Netherlands, CPI growth rate is stationary at 1%
significant level from 2000ql to 2019 q4. As for heteroskedasticity, only the CPI growth for

Netherlands has a constant variance and the rest are all heteroskedastic.

Abbv. Mean Med. St.Dev Min Max ADF X2
France FRA 0.01 0.01 0.01 -0.01 0.04 -2.57 4.56**
Greece GRC 0.02 0.02 0.03 -0.03 0.12 -3.72%* 32.30%**
The Netherlands NLD  0.01  0.01 0.01 -0.01 0.05 -2.891 2.62
Portugal PRT 0.02 0.01 0.03 -0.05 0.14 -4.08%** 67.62%**

Table 2: Descriptive statistic for Inflation growth with ADF, x? statistics. * implies the respective p-value
is lower than 0.1; ** implies the respective p-value is lower than 0.05; *** implies the respective p-value is
lower than 0.01.
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Figure 2: CPI growth evolution of 4 countries
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4 Methodology

This section demonstrates the models that are used to forecast GDP and CPI growth and
the tests to compare the forecasting performance. We consider four representative univariate
model categories, which range from simple autoregressive models to more sophisticated ar-
tificial neural network setups. First, we introduce the general forecasting format, which can

be written as:

Yt+h = f(Xt; 5?) + €1n, (1)

where y; represents the GDP and CPI growth of each country in time ¢, h indicates the
forecast horizon, X; is a vector of explanatory variables, d; is a vector of parameters and ¢
is the error term. Forecasting models are determined by both function f and regressors X;.

The h-step ahead forecast is given by:
Yern = f(Xi; 5?)7 (2)
and the respective forecast error is the difference between (1) and (2):
Et+h = Yerh — Ytth- (3)

We not only concern the 1-step ahead forecast but also the full forecast path of each model.
Therefore, we obtain the forecast value at h=1,2,3...8, which enable us to compare the forecast
performance from 1 quarter to 2 years ahead. In subsection 4.1, we give the details of model

specified, and in subsection 4.2, 2 measurements of forecasting performance are introduced.

4.1 Forecasting Models

4.1.1 Linear methods

Autoregressive(AR) Models. An autoregressive model is structured as the current value of a

variable, y, depends on only the values it took in previous periods plus an error term. Box

11



and Jenkins (1970) has introduced AR models comprehensively in predicting time series of
economics. In practice, AR models were proved to have superior results by many researchers.
They can be hardly beaten if the components are correctly specified. Marcellino (2007) The
AR model is model(1) with a linear f function, and the detailed format can be written as:

L—1
Yirn = Z 5hytfj + 1" + €1, (4)

=0
where L is the number of chosen lags and p is either a constant or constant with a linear
trend. The number of lags is chosen by three methods: either a fixed number of 4 or a moving
number chosen by AIC and BIC with a maximum of 6. With different combinations, we have

6 models in this category.

Random Walk(RW) Model. Random walk model, which also known as the No change model,
can be written as y;1, = 1. This method indicates the value of the next horizon is the same
value as the current observation. Random walk model is popular not only for its simplicity
but also the hard beaten results in some cases. Artis and Marcellino (2001) has used a
random walk model to forecast government deficit and found a better performance than the

IMF forecast for most of the countries.

4.1.2 Non-linear methods

Time-varying autoregressive (TVAR) models. A TVAR model allows the coefficients of the
explanatory valuables to vary over time. Unlike Marcellino (2007), Nyblom (1989) and Stock
and Watson (1996) who assume the coefficients follow a random walk model, this research
we adopt a non-parametric time-varying coefficient model. In this case, the model is defined
as same as model(4) while 6 = (67, 07, .. . ,52j)T is a vector of functions of time ¢. Follow

the research of Robinson (1989),Cai (2007) and Chen et al. (2018), we assume that

t
5fd:52(n),n:—, t=1,...,n, d=0,...,7 (5)
’ n

12



where n is the number of observations. Meanwhile, the function of 6! is estimated with a
consistent non-parametric kernel regression.  This assumption implies an increasing inten-
sity of data points in the interval of [0,1]. Note that this method allows for heteroscedasticity
in error terms which may yield better forecasts when dealing with heterogeneous time series.

We have 3 TVAR models which regress on constant with 3 lags and number of lags chosen

by AIC, BIC.

Artificial neural network(NN) models. Artificial neural network method becomes popular
since 1990s for the various use in modelling and forecasting. A NN model can approximate
almost any non-linear function very close. Hence, when dealing with a truly non-linear
dynamic time series, the NN model will detect the term-structure and display a superior
fit comparing to simple linear or time-varying models. However, a good in-sample fit does
not imply an outstanding out-of-sample forecast. As NN model can be very flexible to
have a nearly perfect in-sample fit, they sometimes overfit. Considering the complexity
and overfitting of the model, we adopt a single layer neural network model; more details
see Franses et al. (2000). The single-layer neural network model with ¢ hidden units and

activation function g can be represented as :

q m
Yi+h = (53 + Z 09 (’YOj + Z%‘jyt(ind) + €14n (6)
j=1 i=1
where m is the number of embedding dimension and d is the time delay. As different re-
searchers have chosen distinct value of the embedding dimensions, in this research, we define
m = 3 and d = 1. The model is estimated via Conditional Least Square (CLS) and we report

the results when q=1,2,3. In order to get consistent results, we use a fixed seed of 5.

Overall, we consider 13 models in the forecast comparison: 7 linear models, 3 time-varying

models and 3 NN models. Specific model description can be seen in table3.

4 More of the kernel regression see Hart (1991).
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Lables Model type Constant(C) or trend(T) Lag chosen

1  ARCy Autoregressive C 4

2 ART, Autoregressive T 4

3 ARCs;c Autoregressive C AIC

4  ARTj;c Autoregressive T AIC

5 ARCprc Autoregressive C BIC

6 ARTpic Autoregressive T BIC

7 RW Random walk / /

8 TVs Time varying AR C 3

9 TVuic Time varying AR C AIC

10 TVgic Time varying AR C BIC
Lables Model type Number of hidden units Embedding dimension

11 NN; Artifical Neural Network 1 3

12 NN, Artifical Neural Network 2 3

13 NNj Artifical Neural Network 3 3

Table 3: Model Specification

4.2 Measurement of forecast ability

The first comparison of forecasting performances is conducted by the mean square predict
error(MSE) which is also used as the input of DM, uSPA and uSPA tests. The MSE of h-step

ahead forecast at time ¢ for model 7 is calculated as:
1
MSE;i1n = T Z &t (7)
t=1

where €; 445, is the forecasting error for model 7 at time ¢ for the i horizon.

The Diebold-Mariano(DM) test and multi-horizonal SPA tests all work pair-wisely. The
DM test which proposed by Diebold and Mariano (1995) is commonly used to verify the
significant difference between two sets of forecast at single horizon level while the uSPA and
aSPA tests from Quaedvlieg (2018) are used to test for multi-horizon predictive power. To
apply all tests, we need the loss differential. For each model ¢, we have a loss matrix L;,

whose elements L?’t: lit+n. Then for two sets of forecast ¢ and j, the loss differential is

14



calculated as:

diji = Liy — Ljy, (8)

which is a matrix of £ x h. The null hypothesis of the DM test is there is no difference between
the accuracy of two sets of forecasts or the population mean of the loss differential series is
zero Diebold and Mariano (1995). The null hypothesis against the alternative can be written
as :

HPY  E(dij) =0 Vt; HPM : E(dy,) #0 (9)

where E(d;j,;) is the population mean of the loss differential. The sample mean of loss

differential is calculated as Jij = %Zthl d;j and the test statistic of DM is derived as:

(10)

where fd(O) is a consistent estimator of f;(0). f4(0) is the spectral density at frequency
0 which is calculated with the autocovariance of the loss differential between 2 competing
forecasts(More to see Diebold and Mariano (1995)). The DM test is a two-sided z-test and
the null hypothesis of equal accuracy is rejected when |DM| > z,/. According to Harvey
et al. (1997),the DM test statistic follows an asymptotically N(0,1) distribution under the
null hypothesis. From the simulation study of Diebold and Mariano (1995), the DM test tend
to reject the null too often when the sample size is too small due to the serial correlation

between the prediction errors.

The second measurement is based on two test statistics which both compare the performance
of models at multiple horizons jointly within a forecast path. The first statistic analyze the
uniform superior predictive ability(uSPA), which indicates a model outperform the other
at each individual horizon. The second statistic tests the average superior predictive abil-
ity (aSPA) , which implies a model outperform the other on average among all horizons. The
latter statistic has a much looser standard as it allows poor performance at some horizons
to be compensated by superior performance at other horizons. To apply the tests, we follow

the procedure of Quaedvlieg (2018). Again, we have the loss differential matrix d;;; from

15



equation 8. The test statistic of SPA is derived from the expected value of loss differentials:

uly = E(d;

ii.0)- For uSPA, we aim to test if a model provide superior forecast results for every

horizon. Hence the test statistic for uSPA is defined as:

(Umf) . h
U5 = minuj;. (11)

Unzf)

Under the circumstance that u;; > (0, model j outperforms model ¢ for all horizons. The

corresponding null and alternative hypothesis for uSPA test are:
HO uSPA - U(Umf) < O; Hl,uSPA : ug]mf) > 0. (12)

When the p-value of the uSPA test result is less than 0.05, the null hypothesis is rejected
on 5% significant level. Then we conclude model j has an uniform multi-horizon superior

predictive ability(uSPA) than model ¢ at 5% significant level.

The test for aSPA considers the average performance of all horizons which requires a weight

factor in the calculation. The test statistic of aSPA is shown as(Quaedvlieg (2018)):

ugfvg = w'u;j = thum (13)

where w = (wy, ...wy) is the weight factor for different horizons. In this research, we assume
the weights for all horizons are equal which implies w; = ... = wy = é. Similarly, the null

and alternative hypothesis for aSPA test are:
Hyaspa : U( ) <0, Hy aSPA U(A 9 >0 (14)

and we conclude model j has an average multi-horizon superior predictive ability(aSPA) than

model i at 5% significant level when p-value is less than 0.05.

16



5 Empirical Results

In this section, we report the forecasting results of all tested models. The in-sample period is
from 1969q1 to 19994, which is also the length of the rolling window. The forecasting period
is from 2000q1 to 2019q3 for GDP growth and for CPI growth is one quarter longer. There
are three subsections that discuss the models’ performance for GDP and inflation growth

that compared by MSE, DM test, uSPA and aSPA tests respectively.

5.1 Forecast evaluation by MSE

The MSE results of forecasting GDP and inflation growth of 4 countries are shown in table 4
and 5 respectively. In order to compare them more easily, the MSE has been normalized to
the results of ARC) (Autoregressive model which regress with 4 lags and a constant) which
we use as the benchmark in this section. The original level of MSE can be seen from figure
3 to 10 in the appendix, which also indicate the evolution of the forecasting performance

among each horizon.

5.1.1 GDP growth

Consulting figure 3 to 6 and table 4, we can compare the forecasting performance of each
model from their loss level. First, we discuss the results of linear methods which are AR
models and random walk. It can be observed that AR models usually give more consistent
results for all horizons comparing to other methods for all countries. ARC) is the best AR
model in most of the cases while sometimes ART), ARC4;c and ARCp;c perform slightly
better in the shorter horizons (max h=2). Moreover, we see that AR models with a linear
trend specification do not improve the forecasting performance of GDP growth. As for the
random walk, it shows a more volatile performance than other AR models and its MSE
increases in longer horizons. Time-varying AR models have similar MSE as to AR models
and T'V3 performs slightly better than other time-varying methods in most scenarios. The

artificial neural network methods are the least performing methods while giving inconsistent
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results for different horizons. In particular, N N3, which contains more hidden units in the
network always present a spike in MSE for all countries” GDP. When the number of hidden

units increases in the NN model, the results become more unstable and worse in our sample.

Overall, AR and TV methods provide more stable and satisfying results among all methods.
In particular, models with fix lags tend to perform better than lags chosen by AIC and
BIC. Colored cell in table 14.a indicates the best performance for each horizon. For France
and The Netherlands, the best forecasting models are highly possible to be ARCy and T'V3
respectively. However, for Greece and Portugal, we cannot conclude which model performs
the best as there is no single model excel on all horizons. If we focus on the actual level
of MSE of each country, it can be found that most models have a value between 0 to 1 for
France, The Netherlands and Portugal. As for Greece, all models have MSE exceed 1.4,

which indicates that Greece GDP is hard to forecast only by univariate models.

5.1.2 Inflation growth

Figure 7 to 10 and table 5 demonstrate the evolution of MSE of all horizons and the normal-
ized MSE of forecasting CPI for each country. Comparing to the forecasting results of GDP
where most models show a consistent performance for all horizons(except for NN methods),
the forecast of CPI demonstrate more fluctuated outcomes. AR models still present more
consistent forecast and lower MSE while ARC) and ART), are the most stable and superior
among all models. Other AR models with the lags chosen by AIC and BIC perform signif-
icantly worse than these two. Meantime, we find adding a linear trend to the AR model
yield to small gains for some countries. Regarding Random walk, which offers a fluctuated
forecast for different horizons, performs significantly better when h=4 and 8. This may imply
a seasonal pattern in inflation growth. TV models cannot compete with ARCy and ART} in
forecasting CPI. They show parallel forecast paths as AR models but with higher MSE. NN
methods demonstrate similar results to TV methods while N N3 is the least consistent one
which gives abnormal forecast occasionally. Different from GDP growth, where the forecast
paths tangle together, the results of CPI are more distinct. From the table and figures, we

can conclude ARC} gives a superior forecast for France and The Netherlands while ART)
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performance better in most horizons for Greece and Portugal.
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Table 4: Normalized MSE of forecasting GDP growth for each country

h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8 h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
ARCYy 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 ARCYy 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
ART, 0.993 1.006 1.028 1.054 1.064 1.088 1.096 1.099 ART, 1.079 1.061 1.054 1.061 1.096 1.108 1.113 1.125
ARCyrc 1.009 1.030 1.068 1.096 1.142 1.179 1.188 1.208 ARCyc 0977 0996 1.118 1.091 1.078 1.153 1.164 1.189
ARCgrc 1.009 1.036 1.067 1.105 1.135 1.188 1.192 1.211 ARCgrc 0978 0.998 1.120 1.095 1.081 1.160 1.172 1.193
ART ;¢ 1.006 1.030 1.074 1.108 1.158 1.196 1.206 1.227 ART ;e 1.091 1.131 1.281 1.268 1.258 1.353 1.397 1.420
ARTg; 1.001 1.034 1.066 1.114 1.147 1.202 1.206 1.222 ARTg; 1.091 1.133 1.282 1.271 1.260 1.359 1.403 1.424
RW 1.093 1.134 1.234 1.319 1.333 1.419 1.440 1.484 RW 1.035 0.945 0.990 1.197 0.915 1.060 1.271 1.136
TV, 1.171 1.069 1.033 1.063 1.063 1.052 1.043 1.044 TV 1.164 1.173 1.032 0914 0.896 1.029 1.057 1.011
TVarc 1.256 1.120 1.027 1.068 1.074 1.047 1.052 1.044 TVarc 0.890 0.884 1.017 1.092 1.018 1.051 1.053 1.051
TVsrc 1.237 1.108 1.065 1.076 1.071 1.045 1.046 1.041 TVsic 0.891 0.884 1.016 1.093 1.018 1.051 1.052 1.051
NN; 1.357 2.647 3.362 3.754 2984 3.796 3.393 3.508 NNy 1.064 1.156 1.095 1.101 1.026 1.062 1.083 1.176
NNy 4.325 2.115 1.867 1.515 2.260 2.287 2.997 1.256 NN, 1.260 1.119 1.196 1.133 1.145 1.101 1.261 1.157
NN3 1.124 1.229 1.745 1.772 6.943 1.682 2.092 1.186 N N3 1.229 1.183 1.881 1.382 1.166 1.353 1.338 1.368

Table 4.a France Table 4.b Greece

h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=28 h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=28
ARCY 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 ARC, 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
ART, 1.060 1.035 1.045 1.046 1.040 1.050 1.051 1.049 ART, 1.005 1.008 1.016 1.026 1.034 1.041 1.044 1.049
ARCy e 0984 1.08 1.075 1.075 1.078 1.104 1.081 1.056 ARCyc 1.024 1.135 1.090 1.069 1.043 1.024 1.048 1.016
ARCgrc 0.993 1.087 1.076 1.070 1.076 1.097 1.073 1.039 ARCpre 1.013 1.110 1.074 1.056 1.030 1.021 1.047 0.994
ART ;e 1.022 1.140 1.137 1.143 1.148 1.172 1.160 1.135 ART ;¢ 1.037 1.156 1.116 1.100 1.079 1.059 1.080 1.048
ARTg;c 1.023 1.130 1.129 1.129 1.140 1.164 1.145 1.117 ARTg;c 1.018 1.118 1.092 1.084 1.068 1.056 1.080 1.026
RW 0.998 1.182 1.249 1.244 1.329 1.337 1.410 1.464 RW 1.148 1.165 1.157 1.213 1.254 1.285 1.163 1.274
TVs 0.932 1.042 1.027 0.984 0.993 0.996 0.997 0.997 TV3 0.955 1.025 1.026 1.017 1.021 1.023 1.023 1.019
TVarc 0.899 1.024 1.025 1.037 1.043 1.035 1.014 1.007 TVarc 1.140 1.067 1.009 0.995 0.997 1.015 1.006 0.997
TVsic 0.928 1.015 1.016 1.022 1.036 1.021 1.009 1.001 TVsic 1.083 1.029 1.001 1.002 1.009 1.016 1.015 1.007
NN, 0.941 1.048 1.005 1.019 1.003 0.996 1.014 2.416 NN; 1.006 1.055 1.059 0.980 0.992 0.998 1.011 1.001
NN, 1.753 1.073 1.283 1.048 1.049 1.118 1.013 1.051 NN, 1.562 1.061 1.146 1.114 1.108 1.111 1.118 1.175
NN3 1.597 1.169 1.110 1.124 1.525 1.146 2.683 1.125 NN3 0.988 1.072 1.192 2.149 1.153 1.195 1.237 1.205

Table 4.c The Netherlands

Table 4.d Portugal

Note : The colored cell indicates the best performance in each horizon.
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Table 5: Normalized MSE of forecasting CPI growth for each country

h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=28 h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
ARCYy 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 ARC, 1.000 1.000 1.000 1.000 1.000 1.000  1.000 1.000
ART, 1.022 1.036 1.043 1.048 1.048 1.068 1.077 1.093 ART, 0.978 0.950 0.922 0933 0.875 0.849 0.814 0.822
ARC e 1.068 1.268 1.217 1.177 1.030 1.195 1.194 1.165 ARCy;c 1.039 3586 1.270 3.466 0.916 2.859 1.010 2.695
ARCgrc 1.150 1.287 1.245 1.159 1.092 1.211 1.166 1.095 ARCpgrc 1.038 3.576 1.271 3.459 0.919 2.853 1.006  2.703
ART ;¢ 1.076 1.281 1.224 1.179 1.020 1.194 1.186 1.177 ART ;1 0995 3.564 1.221 3.442 0.839 2.838 0.944  2.668
ARTgrc 1141 1280 1.229 1.176 1.095 1.198 1.163 1.122 ARTgc 0.987 3.556 1.218 3.432 0.848 2830 0.946 2.677
RW 1.470 1.475 1.534 1.046 1.385 1.403 1.445 1.062 RW 3.740 1.351 3.571 0.962 3.028 1.123 2.758 0.824
TV3 1.193 1.164 1.202 1.144 1.080 1.073 1.049 1.067 TV3 1.828 1.774 2.227 2252 2273 2.222 2.243 2.290
TVarc 1.206 1.195 1.142 1.121 1.096 1.116 1.156 1.150 TVarc 2.693 1.495 2.058 1.295 1.956 1.267 1.910 1.416
TVgsic 1.202 1.209 1.173 1.141 1.107 1.139 1.162 1.165 TVsic 3.061 1.486 2.288 1.301 2.106 1.262 2.021 1.435
NN; 1.192 1.208 1.212 1.131 1.123 1.138 1.133 1.775 NN, 1.791 1.861 2.303 2.320 2.310 2.265 2.311 2.315
NNy 1.201 1.167 1.178 1.091 1.110 1.084 1.073 1.124 NN, 1.798 1.826 2.262 2.345 2.334 2.499 2.350 2.293
N N3 1.202 1.162 1.176 1.113 1.124 1.089 1.070 1.051 N N3 1.811 1.733 2.022 2.254 2.490 3.544 17.272 12.863

Table 5.a France Table 5.b Greece

h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=38 h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
ARCYy 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 ARCYy 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
ART, 1.041 1.045 1.043 1.047 1.056 1.062 1.068 1.070 ART, 1.080 1.062 0.977 0.921 0.864 0.823 0.781 0.733
ARCre 1.011 1.512 1.696 1.555 0.965 1.309 1.477 1.387 ARCyc 1.086 1.807 1.178 1.562 0.872 1.278 0.917 1.142
ARCgrc 0997 1.513 1.696 1.556 0.961 1.306 1.482 1.376 ARCprc 1.139 1.850 1.228 1.593 0.912 1.300 0.945 1.147
ART ;¢ 1.050 1.537 1.717 1.581 1.005 1.340 1.504 1.417 ART ;e 1.027 1.772 1.096 1.507 0.786 1.222 0.836 1.077
ARTg;c 1.035 1.538 1.717 1.584 1.001 1.337 1.510 1.407 ARTg; 1.035 1.766 1.106 1.502 0.789 1.213 0.834 1.059
RW 1.767 2.087 1.828 1.034 1.503 1.761 1.647 1.028 RW 2.083 1.242 1.836 0.745 1.470 0.898 1.326 0.615
TV, 1.387 1.402 1.250 1.250 1.147 1.136 1.124 1.123 TV 1.510 1.423 1.541 1.441 1374 1.354 1.379 1.353
TVarc 1.479 1514 1.326 1.163 1.156 1.148 1.155 1.094 TVarc 1.710 1.458 1.582 1.438 1.416 1.343 1.384 1.297
TVsic 1.445 1.505 1.330 1.157 1.149 1.148 1.158 1.096 TVsic 1.797 1.513 1.717 1.549 1.515 1.414 1.463 1.359
NNy 1.400 1.384 1.273 1.260 1.144 1.132 1.141 1.124 NN; 1.515 1.444 1.604 1.403 1.327 1.310 1.341 1.328
NNy 1.417 1.410 1.250 1.230 1.142 1.141 1.125 1.118 NN, 1.490 1.363 1476 1.356 1.310 1.293 1.318 1.287
NN3 1.420 1.410 1.248 1.231 1.142 1.139 1.125 1.117 NN3 1.486 1.351 1.449 1.334 1.288 1.275 1.313 1.288

Table 5.c Netherland

Table 5.d Portugal

Note : The colored cell indicates the best performance in each horizon.



5.2 Single-horizon forecast comparison

From the previous analysis, it is hard to rank the models with only MSE since the fore-
casting performance for different models fluctuate in different ways. Moreover, there are
circumstances that one model performs well in the earlier horizons, but the other exceeds it
in the longer horizons (see ARC, and ART} in figure 8 ) and we do not know if these differ-
ence is significant. The Diebold-Mariano(DM) test is widely used to test for the significant
equality in forecasting accuracy and it works pire-wisely. We conduct the test between each
two sets of forecasts at each horizons for all data sets. Hence we have 8 (time series) * 8
(horizons) * 13(models) *12 (the other models) test results. The original test results are too
tedious to be included in this paper, hence we summarize the significant output in table 6
and 7. We calculate how many times the forecasts of a model outperform the others at each

specific horizon at 5% significant level.

5.2.1 GDP growth

Table 6 illustrates the number of significant DM test results for GDP growth. From this
table, we see ARC); and TV models give the most significant results. For the GDP growth of
France, the times that ARC, perform significantly better than other models are leading for
all horizons. ART) performs slightly worse than ARC'; which is inline with the results of MSE
analysis. TV models begin to perform well in the later horizons. When forecasting the GDP
growth of Greece, TV, ;o and TVgrc give better results than ARC) at first three horizons.
In the later horizons, T'V3 and ARC) performs better. Note that a higher grade in the table
does not imply one model outperform the other. As we do not have a number of 12 in table 6
which indicates there is no model outperform all other models at a single horizon. ARC) and
T'V3 continue to perform well in forecasting The Netherlands and Portugal’s GDP growth. In
the fourth horizon of the Netherlands, T'V3 outperforms 11 other models significantly. T'V3
and ARC begin to perform well after the third horizon for Portugal. To conclude, by using
the DM test, we can easily know which model outperform the others at a specific horizon

and by our summery table, ARC, and TV methods outperform the others in most of the
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cases.

Table 6: Diebold-Mariano test results summary of GDP growth

FRA ARC, ART, ARCaic ARCgpic ARTaic ARTgie RW TVs TVaie TVsie NNi NNy NNj

h=1 8 6 2 3 2 2 0 0 0 0 1 0 1
h=2 6 6 1 1 2 1 0 1 0 0 0 1 2
h=3 5 5 1 1 1 1 0 2 1 0 0 0 0
h=4 4 4 3 2 3 2 0 2 2 2 0 0 0
h=5 4 4 2 2 2 3 0 2 2 2 0 0 0
h=6 7 4 1 1 2 1 0 5 6 6 0 0 0
h=T17 6 5 1 1 1 1 0 3 5 5 0 0 0
h = 6 5 1 1 1 1 0 7 6 6 0 1 )
Ave. 5.8 4.9 1.5 1.5 1.8 1.5 0.0 28 2.8 2.6 0.1 0.3 1.0

GRC ARC, ART, ARCusic ARCpic ARTaic ARTgie RW TVs TVaie TVgie NNi NNy NNj

h= 5 1 7 7 2 2 1 0 11 11 1 0 0
h=2 6 1 5 4 1 0 0 0 10 10 0 0 0
h=3 8 3 3 3 0 0 3 5 7 7 1 0 0
h=4 7 1 4 4 0 0 1 10 3 3 1 1 0
h=5 7 2 4 4 0 0 2 9 7 7 4 0 0
h=6 6 1 3 3 0 0 0 6 4 4 1 1 0
h = 9 2 3 2 0 0 0 8 8 8 4 0 0
h= 8 1 3 3 0 0 0 8 8 8 1 1 0
Ave 7.0 1.5 4.0 3.8 0.4 0.3 0.9 58 7.3 7.3 1.6 0.4 0.0

NLD ARC, ART, ARCaic ARCgre ARTaic ARTgie RW TVi TVae TVsie NNi NN, NN;

h=1 3 1 4 2 1 1 1 8 4 2 3 0 0
h=2 7 4 1 1 0 0 0 5 1 1 1 0 0
h=3 6 3 0 0 0 0 0 3 3 4 4 0 0
h=4 6 1 0 1 0 0 0 11 2 5 1 0 0
h=5 7 3 0 1 0 0 0 7 4 5 3 0 0
h=6 8 5 0 0 0 0 0 10 6 7 6 0 0
h=T17 4 1 1 1 0 0 0 6 5 4 4 1 0
h=8 3 1 1 1 1 1 0 6 6 6 0 1 1
Ave 5.5 2.4 0.9 0.9 0.3 0.3 0.1 70 3.9 4.3 2.8 0.3 0.1

PRT ARC, ART, ARCac ARCpie ARTaie ARTgie RW TVs TVae TVsie NN NN, NNy

h=1 2 0 1 2 0 1 0 5 0 0 1 0 0
h=2 5 2 0 1 0 1 0 5 2 2 0 0 0
h=3 6 3 1 1 0 0 0 3 6 6 1 0 0
h=4 5 2 0 0 0 0 0 5 5 5 5 0 0
h=5 4 1 1 1 0 0 0 4 6 6 4 0 0
h=6 3 1 2 2 0 0 0 3 5 3 2 1 0
h="17 3 1 2 3 1 1 0 3 3 3 3 1 0
h=8 3 2 3 3 2 2 0 3 3 3 2 0 0
Ave. 3.9 1.5 1.3 1.6 0.4 0.6 0.0 3.9 3.8 3.5 2.3 0.3 0.0

Note: The original results of Diebold-Mariano test are too tedious to present as we need 4 (countries)*8
(horizons) tables to show the pairwise test results of 18 models against each other. This table displays how
many times the forecast of a model is significantly better that the others at each individual horizon (at 5%

significant level). The best two forecasts of each horizon are colored.
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Table 7: Diebold-Mariano test results summary of inflation growth

FRA ARC, ARTy, ARCaic ARCpic ARTaic ARTgie RW TVs TVaie TVsie NNi NNy NNj

h=1 10 8 4 1 2 1 0 1 1 1 1 1 1
h=2 11 7 1 1 1 1 0 1 1 2 1 1 1
h=3 10 5 1 3 1 3 0 1 7 3 1 2 3
h=4 10 1 0 0 0 0 0 0 0 1 0 2 2
h=5 9 1 4 2 2 1 0 1 1 1 1 1 1
h=6 10 2 1 1 0 0 0 5 1 1 1 3 3
h="17 7 3 1 1 1 1 0 8 3 1 1 5 6
h=38 6 0 0 2 0 1 0 2 0 0 0 0 2
Ave. 9.1 3.4 1.5 1.4 0.9 1.0 0.0 24 1.8 1.3 1.2 1.9 2.4

GRC ARC, ART, ARCasic ARCpic ARTaic ARTgice RW TVs TVaie TVsie NNi NN; NNj

h=1 7 7 7 7 7 7 0 3 2 1 3 3 3
h=2 11 11 0 0 2 2 8 6 7 7 4 4 5
h=3 11 11 7 7 7 7 0 1 2 1 1 1 4
h=4 10 10 0 0 2 2 10 5 8 8 4 4 4
h=5 7 7 7 7 7 7 0 2 2 2 1 0 0
h=6 8 9 0 0 0 0 6 2 6 6 0 0 0
h="17 6 10 6 6 6 6 0 2 4 3 0 0 0
h=8 7 7 0 0 0 0 7 0 7 7 0 0 0
Ave. 8.4 9.0 3.4 3.4 3.9 3.9 39 26 4.8 4.4 1.6 1.5 2.0

NLD ARC, ART, ARCaic ARCgre ARTwe ARTzie RW TVs TVae TVeie NN, NNy NN

h=1 7 7 7 8 7 7 0 1 1 2 1 1 1
h=2 11 11 1 1 1 1 0 5 1 1 7 5 5
h=3 7 7 2 2 0 0 0 8 5 5 7 7 9
h=4 10 4 0 0 0 0 4 4 6 7 4 5 6
h=5 8 1 9 11 4 4 0 1 1 1 2 1 2
h=6 12 5 3 3 1 2 0 3 3 3 4 3 3
h=T7 12 7 2 2 0 0 0 6 5 5 5 5 5
h=38 11 4 1 1 0 0 4 5 4 4 4 5 5
Ave. 9.8 5.8 3.1 3.5 1.6 1.8 1.0 4.1 3.3 3.5 4.3 4.0 4.5

PRT ARC, ART, ARCaic ARCgic ARTaic ARTgie RW TVs TVaie TVsie NNi NNy NNj

h=1 8 7 8 7 7 7 0 3 2 1 3 3 3
h=2 11 10 0 0 0 0 6 4 4 4 0 6 6
h=3 9 10 8 7 7 7 0 2 2 0 0 4 4
h=4 10 10 0 0 0 0 11 0 0 0 0 3 4
h=5 7 7 8 8 8 8 0 0 0 0 0 0 1
h=6 5 9 0 0 0 0 6 0 0 0 0 0 2
h="17 6 7 7 7 6 6 0 0 0 0 0 0 0
h = 4 6 0 0 0 0 7 0 0 0 0 0 0
Ave. 7.5 8.3 3.9 3.6 3.5 3.5 3.8 1.1 1.0 0.6 0.4 2.0 2.5

Note: The original results of Diebold-Mariano test are too tedious to present as we need 4 (countries)*8
(horizons) tables to show the pairwise test results of 18 models against each other. This table displays how
many times the forecast of a model is significantly better that the others at each individual horizon (at 5%

significant level). The best two forecasts of each horizon are colored.
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5.2.2 Inflation growth

Table 7 illustrates the DM test results for forecasting inflation growth. Comparing to GDP,
we observe more significant results in forecasting inflation and ARCYy, ART) are clearly the
most performing ones. ARCY is still the most consistent model which performs better than
most of the models in all horizons. However, when forecasting Greece and Portugal, ART}
shows slightly more significant results than ARC,. RW is likely to perform well in the fourth
and eighth horizon for these two countries. The rest of the models also give good results in

some specific horizons which can be observed from the colored cells.

By conducting the DM test, we can easily compare the single horizons performance between
models. Nonetheless, it is still not possible to decide which model is more superior than
the others for all horizon and the test results are tedious when multiple data sets with more
horizons are tested. From individual horizon evaluation, we find ARC, and TV models
provide better results among all methods in forecasting GDP growth while ARC, and ART,

performs well in forecasting inflation.

5.3 Multi-horizon forecast comparison

The measurements that we adopt for multi-horizon superior predictive ability (SPA) are from
Quaedvlieg (2018)°. In this section, we introduce the pairwise test results of both uniform
multi-horizon SPA (uSPA) and average multi-horizon SPA(aSPA). Both tests are applied for
every two models in all data sets. From table 89,11 and 12, we show the p-value results of
uSPA and aSPA test for GDP and Inflation growth. The first column and first row indicate
model 2 and model 5. When the p-value is smaller than 0.05, the cell is colored, which implies
model j has a uSPA /aSPA regarding model i. The number of colored cells in column j also
shows how many times model j has beaten other models on uSPA /aSPA level. Hence in the
last row, we give a sum of the number of colored cells in one column. The number in the last
row can also be seen as the score that model j have in the uSPA and aSPA test. In table

10 and 13, we give a summary of the scores for each methods under uSPA and aSPA test

5The Matlab code is available at https://www.tandfonline.com /doi/full/10.1080/07350015.2019.16200747.
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respectively.

5.3.1 GDP growth

First, we discuss the uSPA test results in forecasting GDP growth and the corresponding
p-values are demonstrated in table 8. In general, there is not a model which has uSPA to all
other forecasts. As for France, the best performing models are ARCy and ART,; who both
have uSPA to 8 other models. However, they do not have uSPA to each other, nor to TVy;c.
For Greece, the leading performance can be seen from ARCy, TV ;c and TVg;c which have
uSPA over 6 other models. TV methods continue performing well in The Netherlands which
have uSPA to all other models except for ARCy and ART}. As for Portugal, only ARC, shows
a leading result of defeating 6 models on uSPA level. AR models with lags chosen by AIC
and BIC and NN methods show poor results as they seldom have uSPA to other methods.
Although in most of the cases, ARCY has uSPA to more models than ART}, it does not have
uSPA over ART), except for Greece. By consulting table 10.a, the top 3 performing methods
in forecasting GDP growth are ARCy, TVg;c and TV ;¢ among all models. Although ART)
and T'V3 do not lead in scores of uSPA test, they are not easily beaten by other models,

which implies they give outstanding forecasting results for at least one single horizon.
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Table 8.a P-values of uSPA test on GDP growth of France

N ARC, ART, ARCuc ARCgie ARTae ARTgie RW  TVi TVae TVsie NNi NNy NN,
ARC,y / 0.955 0.874 0.907 0.889 0.903 0922 0942 0.950 0.971 0.829 0.824 0.953
ART, 0.319 / 0.702 0.684 0.818 0.710  0.886 0.723 0.707  0.760 0.820 0.801 0.952
ARCy41c  0.004  0.006 / 0.625 0.725 0.669  0.960 0.526 0.531 0.559 0.807 0.809 0.953
ARCpgic  0.001  0.007 0.282 / 0.600 0.614  0.953 0.447 0.544 0.545 0.799 0.803 0.926
ART s 0.063  0.010 0.300 0.321 / 0.280 0.963 0.517 0.486 0.526 0.814 0.769 0.935
ARTgre  0.138  0.027 0.336 0.469 0.401 / 0.961 0.487 0.528 0.549 0.841 0.808 0.929
RW 0.006  0.002 0.001 0.001 0.000 0.000 / 0.280 0.345 0.334 0.815 0.660 0.549
TV; 0.017  0.540 0.686 0.727 0.724 0.709  0.803 / 0.458 0.515 0.830 0.851 0.872
TVaic 0.063  0.647 0.707 0.744 0.675 0.693  0.803 0.138 / 0.468 0.811 0.813 0.633
TVic 0.016  0.611 0.651 0.692 0.650 0.659  0.757 0.200 0.231 / 0.813 0.848 0.628
NN 0.006 0.005 0.003 0.002 0.005 0.001 0.016 0.019 0.042 0.040 / 0.327 0.275
NN, 0.000 0.001 0.009 0.006 0.010 0.009  0.407 0.002 0.002 0.000 0.533 / 0.280
NN 0.009 0.024 0.191 0.245 0.290 0.242 0434 0.260 0.318 0.318 0.477 0.610 /
Sum 8 8 3 3 3 3 1 2 2 2 0 0 0

Table 8.b P-values of uSPA test on GDP growth of Greece

i~ ARC, ARTy ARCuc ARCpe ARTwe ARTge RW TV TVie TVpe NN NN, NN
ARCY / 0.983 0.927 0.928 0.987 0.98  0.852 0.716 0.732 0.729 0.993 0.997 0.999
ART, 0.018 / 0.446 0.494 0.957 0.972 0.710 0.499 0.219 0.220 0.615 0.908 0.968
ARCyc 0.328  0.590 / 0.959 0.983 0.980  0.440 0.652 0.056 0.055 0.764 0.871 0.928
ARCprc  0.320 0.612 0.103 / 0.977 0.983 0433 0.687 0.038 0.035 0.735 0.838 0.929
ART4rc 0.015  0.084 0.004 0.005 / 0.925 0.153 0.359 0.000 0.000 0.290 0.676 0.534
ARTgic  0.017  0.089 0.006 0.006 0.144 / 0.135 0.355 0.000 0.000 0.273 0.693 0.496
RW 0.318  0.653 0.689 0.713 0.939 0.953 / 0.619 0.513  0.511 0.739 0.894 0.938
TV; 0.713  0.805 0.789 0.768 0.821 0.819  0.820 / 0.728  0.785 0.870 0.990 0.993
TVarc 0.743  0.886 0.915 0.938 0.988 0.988  0.711 0.670 / 0.274 0.846 0.988 0.998
TVgic 0.752  0.901 0.926 0.918 0.987 0.983  0.707 0.666 0.332 / 0.815 0.988 0.994
NN, 0.000 0.481 0.409 0.430 0.921 0.925 0.606 0.486 0.019 0.017 / 0.987 0.970
NN, 0.000 0.032 0.091 0.110 0.829 0.815 0.297 0.072 0.000 0.000 0.059 / 0.864
NNj 0.000 0.001 0.000 0.000 0.251 0.269  0.009 0.002 0.000 0.000 0.001 0.016 /
Sum 6 2 3 3 0 0 1 1 6 6 1 1 0

Table 8.c P-values of uSPA test on GDP growth of The Netherlands

i ARC, ARTy ARCac ARCpe ARTwc ARTgie RW TV TVie TVpe NN NNy NN
ARC, / 0.917 0.917 0.907 0.949 0.926  0.949 0.505 0.682 0.509 0.459 0.975 0.999
ART) 0.063 / 0.745 0.781 0.885 0.907  0.907 0.353 0.285 0.218 0.460 0.603 0.888
ARCarc 0432 0.685 / 0.463 0.919 0.880  0.932 0.016 0.012 0.026 0.447 0.631 0.749
ARCpie 0.309  0.671 0.583 / 0.928 0.923  0.945 0.003 0.006 0.009 0.478 0.630 0.883
ARTp;c 0.084  0.610 0.057 0.106 / 0.202 0.835 0.020 0.032 0.031 0.587 0.652 0.630
ARTgic  0.063  0.563 0.036 0.096 0.726 / 0.865 0.011 0.021 0.033 0.566 0.646 0.651
RW 0.126  0.292 0.066 0.074 0.173 0.159 / 0.024 0.006 0.025 0.281 0.412 0.400
TVs 0.958  0.880 0.962 0.948 0.963 0.951 0.982 / 0.873 0.702 0.660 0.977 0.995
TVaic 0.613  0.830 0.880 0.849 0.941 0.940  0.983 0.393 / 0.571 0.463 0.772 0.992
TVsic 0.516  0.851 0.914 0.891 0.940 0.941 0.990 0.383 0.516 / 0.434 0.876 0.994
NN, 0.384  0.553 0.645 0.631 0.674 0.649  0.640 0.211 0.470  0.295 / 0.613 0.634
NN, 0.001 0.164 0.248 0.244 0.398 0.402 0.871 0.001 0.031  0.008 0.305 / 0.336
N N3 0.000  0.000 0.002 0.001 0.139 0.137  0.408 0.000 0.000 0.000 0.169 0.123 /
Sum 2 1 2 1 0 0 0 7 7 7 0 0 0
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Table 8.d P-values of uSPA test on GDP growth of Portugal

N ARC, ART, ARCuyc ARCpic ARTuwec ARTgie BW  TVs TVae TVsie NNi NNo NN,
ARC,y / 0.801 0.980 0.966 0.973 0.943 0.995 0.802 0.900 0.621 0.602 0.954 0.996
ART, 0.343 / 0.832 0.745 0.976 0.954 0.987 0.410 0.800 0.642 0.452 0.917 0.987
ARCy4c 0.006 0.401 / 0.007 0.704 0.594 0.976 0.062 0.592 0.271  0.017 0.613 0.966
ARCgic  0.030  0.674 0.923 / 0.810 0.760 0.992 0.154 0.689 0.348 0.100 0.730 0.967
ARTsc 0.060 0.065 0.253 0.125 / 0.072 0.945 0.108 0.638 0.419 0.064 0.613 0.939
ARTgrc  0.103  0.151 0.450 0.310 0.966 / 0.980 0.196 0.726 0.531 0.098 0.686 0.943
RW 0.001  0.000 0.024 0.010 0.049 0.014 / 0.007 0.063 0.030 0.017 0.354 0.361
TV3 0.588 0.713 0.933 0.835 0.863 0.750 0.989 / 0.853 0.695 0.544 0.764 0.991
TVaic 0.117 0.734 0.930 0.943 0.934 0.879 0.999 0.472 / 0.275 0.386 0.973 0.994
TVsic 0.045 0.548 0.898 0.817 0.873 0.772 0.997 0.469 0.660 / 0.501 0.881 0.988
NN; 0.274  0.809 0.790 0.806 0.864 0.829 0.996 0.459 0.852 0.447 / 0.949 0.996
NN, 0.000 0.005 0.360 0.239 0.433 0.321 0.536 0.014 0.090 0.010 0.029 / 0.571
N Nj 0.047 0.094 0.341 0.189 0.396 0.251 0.359 0.001 0.422 0.238 0.058 0.310 /
Sum 6 2 1 2 1 1 0 3 0 2 3 0 0
Table 8

Note: p-values that less than 0.05 are colored, which indicates model j has uSPA regarding model i.

The results of aSPA test are shown in table 9. Recall that aSPA test is less strict than uSPA
test, which considers the average loss difference between models. In most of the cases, if
model 7 has uSPA to model i, it also has aSPA, but not vice versa. We observe the same
pattern in the aSPA results. The models which perform well under uSPA test still give good
results in aSPA test. ARCY is the most performing model among all methods in the uSPA
test for all countries. In particular, when forecasting GDP growth of France, ARC, has
aSPA to all other methods. Time-varying methods deliver the second best performances,
especially in forecasting GDP growth in Greece and The Netherlands. According to pre-test
results, these two data sets do not have constant variances. Hence TV methods may have an
advantage comparing to other methods as they are non-parametric estimation which allows
for heteroscedasticity in error terms. Not surprisingly, we found NN methods and random
walk are the least performing models for all countries. AR models with lags chosen by AIC
and BIC perform slightly better than the worst models. From table 10.b which shows the
summary of the scores, we see that ARC) has the highest score of aSPA test and the scores

of other models also in line with the patterns that we discussed.
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Table 9.a P-values of aSPA test on GDP growth of France

N ARCy ART, ARCaic ARCgpre ARTaje ARTsie RW  TVs TVae TVeie NNi NN, NN
ARC,y / 0.979 0.980 0.985 0.968 0.976 0997 0974 0971 0.989 0.965 0.965 0.916
ART, 0.012 / 0.893 0.917 0.905 0.919  0.996 0.575 0.798 0.849 0.959 0.973 0.936
ARCy41c  0.016 0.085 / 0.786 0.796 0.793 1.000 0.026 0.101  0.121  0.955 0.969 0.926
ARCpgic  0.014 0.082 0.203 / 0.737 0.715 1.000 0.018 0.082 0.087 0.951 0.958 0.944
ART s 0.030  0.077 0.174 0.285 / 0.315  0.999 0.039 0.098 0.098 0.954 0.955 0.937
ARTgre  0.020 0.083 0.179 0.300 0.668 / 1.000 0.030 0.106  0.106 0.951 0.963 0.935
RW 0.004  0.006 0.001 0.000 0.000 0.001 / 0.002 0.001 0.004 0.947 0.953 0.925
TV; 0.022  0.426 0.969 0.979 0.965 0.964  0.999 / 0.841 0.875 0.960 0.977 0.928
TVaic 0.033  0.212 0.907 0.922 0.907 0.905  0.999 0.193 / 0.506 0.952 0.976 0.940
TVic 0.011  0.150 0.900 0.932 0.905 0.903 1.000 0.142 0.489 / 0.959 0.970 0.937
NN 0.042 0.034 0.036 0.044 0.054 0.050  0.044 0.060 0.046 0.048 / 0.078 0.221
NN, 0.044  0.035 0.039 0.023 0.038 0.029  0.039 0.035 0.043 0.037 0.909 / 0.782
NN 0.061  0.068 0.057 0.055 0.061 0.079  0.070 0.065 0.066  0.069 0.787 0.198 /
Sum 11 3 3 3 2 2 2 6 3 3 0 0 0

Table 9.b P-values of aSPA test on GDP growth of Greece

N ARC, ART, ARCaic ARCpic ARTaic ARTgic RW TVs TVae TVeie NNy NNy NNj
ARC, / 0.989 0.975 0.979 0.997 0.997 0.735 0.935 0.573 0.573 1.000 1.000 1.000
ARTy 0.011 / 0.545 0.598 0.989 0.986  0.373 0.214 0.014 0.008 0.567 0.976 1.000
ARCarc 0.028  0.432 / 0.942 0.992 0.987  0.373 0.047 0.007 0.005 0.493 0.896 0.999
ARCprc  0.020 0.429 0.053 / 0.986 0.986  0.350 0.041 0.005 0.000 0.453 0.917 0.997
ART4rc 0.008 0.015 0.011 0.012 / 0.910 0.073 0.012 0.002 0.006 0.037 0.155 0.723
ARTg;c  0.007  0.005 0.012 0.008 0.109 / 0.052 0.006 0.003 0.001 0.039 0.108 0.734
RW 0.272  0.638 0.619 0.649 0.933 0.930 / 0.456 0.326 0.341 0.651 0.904 0.997
TVs 0.076  0.791 0.968 0.957 0.996 0.985 0.563 / 0.1564  0.130 0.960 1.000 0.999
TVarc 0.406  0.996 0.995 0.995 0.999 0.996  0.668 0.858 / 0.596 0.931 1.000 1.000
TVgic 0.428  0.996 0.995 0.996 0.997 0.999  0.689 0.851 0.394 / 0.919 1.000 1.000
NN, 0.002 0.454 0.498 0.556 0.962 0.966  0.335 0.044 0.077  0.066 / 1.000 0.999
NN, 0.000 0.021 0.083 0.099 0.872 0.887  0.082 0.000 0.001 0.000 0.000 / 0.998
N Nj 0.000  0.000 0.002 0.002 0.259 0.257  0.000 0.000 0.000 0.000 0.000 0.002 /
Sum 8 4 3 3 0 0 1 7 7 7 4 1 0

Table 9.c P-values of aSPA test on GDP growth of The Netherlands

N ARCy ART, ARCu;c ARCpic ARTa;jc ARTgie RW TVy TVae TVgie NN NN, NNj
ARC, / 0.915 0.984 0.986 0.973 0.979 0997 0.242 0.777 0.730 0.941 0.994 0.990
ART) 0.064 / 0.843 0.738 0.984 0.995 0.987 0.071 0.148 0.099 0.891 0.985 0.979
ARCya1c 0.021  0.174 / 0.354 0.943 0.931 0.993 0.014 0.033 0.023 0.869 0.975 0.982
ARCpgic  0.022  0.265 0.661 / 0.920 0.935 0.991 0.009 0.030 0.014 0.883 0.982 0.980
ARTc 0.020 0.007 0.043 0.073 / 0.169  0.931 0.017 0.035 0.018 0.753 0.839 0.949
ARTgre  0.031  0.008 0.049 0.083 0.830 / 0.951 0.018 0.028 0.017 0.769 0.871 0.970
RW 0.006 0.006 0.014 0.010 0.050 0.042 / 0.007 0.012 0.006 0.543 0.299 0.854
TVs 0.760  0.929 0.988 0.993 0.981 0.977  0.992 / 0.873 0.861 0.927 0.996 0.993
TVaic 0.237  0.849 0.972 0.977 0.967 0.962 0.987 0.107 / 0.260 0.931 0.990 0.991
TVsic 0.277  0.897 0.979 0.985 0.979 0.976  0.996 0.160 0.735 / 0.931 0.996 0.990
NN, 0.064 0.105 0.138 0.107 0.228 0.250  0.474 0.063 0.057  0.064 / 0.344 0.751
NN, 0.005 0.012 0.036 0.018 0.189 0.1563  0.715 0.003 0.004 0.005 0.647 / 0.970
NN3 0.016 0.016 0.017 0.019 0.043 0.025  0.150 0.012 0.011 0.018 0.249 0.034 /
Sum 7 ) ) 3 1 2 0 7 7 7 0 1 0
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Table 9.d P-values of aSPA test on GDP growth of Portugal

N ARCy ART, ARCaic ARCgpre ARTuc ARTsic RW  TVy TVae TVeie NN NN, NN;
ARC, / 0.770 0.998 0.999 0.970 0.933 0.98 0.860 0.972 0.894 0.692 0.999 0.994
ART) 0.247 / 0.705 0.600 0.985 0.978 0.994 0.415 0.465 0.401 0.309 0.987 0.995
ARCarc  0.001  0.280 / 0.021 0.736 0.616  0.976 0.033 0.039 0.026 0.097 0.975 0.980
ARCpgic  0.002 0.412 0.978 / 0.870 0.771 0.984 0.119 0.122 0.108 0.133 0.984 0.981
ARTp;c 0.042  0.018 0.253 0.131 / 0.029  0.945 0.129 0.104 0.094 0.053 0.906 0.966
ARTgrc  0.066  0.025 0.356 0.242 0.955 / 0.967 0.188 0.163 0.162 0.115 0.936 0.978
RW 0.012  0.020 0.024 0.012 0.049 0.030 / 0.023 0.018 0.015 0.012 0.366 0.861
TVs 0.139 0.578 0.973 0.878 0.893 0.830  0.981 / 0.726  0.604 0.455 0.988 0.990
TVaic 0.033  0.532 0.957 0.863 0.894 0.820  0.987 0.310 / 0.224 0.280 0.994 0.991
TVsic 0.091  0.581 0.965 0.886 0.898 0.837  0.989 0.413 0.781 / 0.383 0.994 0.988
NN 0.325 0.673 0.916 0.871 0.943 0.915 0.989 0.509 0.687 0.616 / 0.996 0.989
NN, 0.002 0.013 0.021 0.019 0.111 0.056  0.609 0.013 0.008 0.004 0.003 / 0.833
NNj3 0.009 0.009 0.010 0.008 0.036 0.024  0.169 0.013 0.011 0.011 0.012 0.155 /
Sum 7 5 3 4 2 3 0 4 4 4 3 0 0

Table 9
Note: p-values that less than 0.05 are colored, which indicates model j has aSPA regarding model i.
Table 10.a Score of uSPA test of GDP growth
ARCy ART, ARCarc ARCpic ARTarc ARTgie RW TVy TVaie TVeie NNy NN, NNj

FRA 8 8 3 3 3 3 1 2 2 2 0 0 0
GRE 6 2 3 3 0 0 1 1 6 6 1 1 0
NLD 2 1 2 1 0 0 0 7 7 7 0 0 0
PRT 6 2 1 2 1 1 0 3 0 2 3 0 0
Sum 22 13 9 9 4 4 2 13 15 17 4 1 0

Table 10.b Score of aSPA test of GDP growth
ARCy ART, ARCuic ARCpic ARTao;c ARITgie RW TVy TVaie TVeie NN;i NNy NNj

FRA 11 3 3 3 2 2 2 6 3 3 0 0 0
GRE 8 4 3 3 0 0 1 7 7 7 4 1 0
NLD 7 5 5 3 1 2 0 7 7 7 0 1 0
PRT 7 5 3 4 2 3 0 4 4 4 3 0 0
Sum 33 17 14 13 5 7 3 24 21 21 7 2 0

Table 10

Overall, the results of the multi-horizon test are in line with what we see form MSE and
DM test.
performance of each two methods. Although in most of the cases, there is no single model
that has aSPA or uSPA to all other methods, hence cannot say one model outperform all

other models over the whole forecasting horizons. Nonetheless, the model performance varies

for different data sets.
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5.3.2 Inflation growth

The uSPA test results of inflation growth are demonstrated in table 11. We observe a very
different pattern of CPI forecast than GDP. TV methods do not perform well in forecasting
CPI which did not beat any models on uSPA level. The best performing model, in general,
is still ARCy while ART), forecasts better in Greece. Adding a linear trend in the AR model
does improve the forecasts for inflation in Greece. NNy and N N3 have uSPA to TV3, TVgic
and N N; in forecasting Portugal inflation. The rest of the methods do not show significant
results. From uSPA analysis, we see that ARCy and ART) have over average results, but we
cannot rank the rest of the methods as they do not have uSPA over each other. This is also
in line with the MSE plots that the forecast paths of these models fluctuate over different

horizons.

Last but not least, we analyze the results of aSPA test of inflation growth. The most sig-
nificant change of the pattern of aSPA results comparing to the previous test is the score
of ART} is catching up. For The Netherlands and Portugal, ART; has aSPA to all other
methods except for ARCy. A lot more methods show significant results in aSPA test. In
forecasting inflation in France and The Netherlands ARCY has aSPA to all other methods,
and for the other two countries, it also performs well. TV methods show some significant
results in Greece and The Netherlands but perform badly in Portugal and France. Consult-
ing table 11, confirm again with our results. ARC; and ART} are the best two models in
forecasting inflation by multi-horizon test. ARC) has a stable performance for most data

sets while ART) yield better forecast in some cases (i.e. PRT).
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Table 11.a P-value of uSPA test of inflation growth in France

N ARCy ART, ARCaic ARCpre ARTaic ARTgie RW  TVs TVaie TVpie NNy NN; NN
ARCy / 0.9332  0.999 1.000 1.000 1.000 0998 0.996 0.999 0996 0.999 0.999 0.999
ART, 0.014 / 0.996 0.997 1.000 1.000  0.999 0.940 0.980 0.969 0.974 0.984 0.988
ARCypic 0.000 0.151 / 0.858 0.379 0.804 0.992 0.536 0923 0.920 0.838 0.798 0.773
ARCpgrc 0.000 0.056 0.566 / 0.590 0.430  0.998 0.180 0.341  0.760 0.391 0.403 0.395
ARTpc 0.008  0.337 0.299 0.887 / 0.845 0995 0.636 0.874 0.893 0.839 0.847 0.854

ARTgre 0.000  0.000 0.389 0.403 0.532 0.997 0.437 0.521 0.724 0.472 0.639 0.659

RW 0.000 0.142 0.735 0.734 0.656 0.764 / 0.495 0.503 0.561 0.438 0.219 0.316
TVs 0.000  0.462 0.972 0.978 0.931 0.849 1.000 / 0.949 0944 0.725 0.697 0.867
TVaic 0.000 0.013 0.879 0.972 0.917 0.926 0.996 0.708 / 0.572 0.613 0.507 0.564
TVsic 0.000  0.009 0.657 0.852 0.713 0.784  0.997 0.543 0.152 / 0.436 0.197 0.349
NNy 0.000  0.001 0.345 0.389 0.412 0.425 0.638 0.087 0.099 0.179 / 0.019 0.011
NN, 0.000 0.281 0.922 0.938 0.884 0.867  0.998 0.756 0.920 0.923 0.697 / 0.293
NNy 0.000 0.492 0.934 0.965 0.907 0.874  0.999 0.909 0.935 0.934 0.671 0.363 /
Sum 12 4 0 0 0 0 0 0 0 0 0 1 1
Table 11.b P-value of uSPA test of inflation growth in Greece
i~ ARC, ARTy ARCuc ARCpe ARTwc ARTge RW TV TVie TVpe NN NN, NN
ARC, / 0.241 1.000 1.000 1.000 1.000 1.000 1.000 1.000  1.000 1.000 0.999 0.999
ARTy 0.937 / 1.000 1.000 1.000 1.000 1.000 1.000 1.000  1.000 1.000 1.000 0.996
ARCyc 0.645  0.054 / 0.398 0.068 0.032 1.000 0.999 0.999 1.000 1.000 0.998 0.995
ARCpre 0.605 0.042 0.403 / 0.105 0.070  1.000 0.999 0.999 1.000 0.999 0.998 0.993
ARTsrc 0.867  0.359 0.899 0.887 / 0.391 1.000 0.999 1.000 1.000 0.995 1.000 0.996
ARTgc  0.804 0.219 0.828 0.872 0.182 / 1.000 0.998 1.000 1.000 1.000 1.000 0.996
RW 0.760  0.028 1.000 1.000 1.000 1.000 / 0.998 0944 0.933 0.999 1.000 0.999
TVs 0.000 0.001 0.999 1.000 1.000 0.999  0.999 / 0.929  0.965 0.947 0.964 0.554
TVarc 0.000  0.000 1.000 1.000 1.000 1.000 1.000 0.997 / 0.816 0.998 0.996 0.996
TVgic 0.000  0.000 1.000 1.000 1.000 1.000  0.998 0.998 0.095 / 0.999 0.998 0.997
NN, 0.000  0.000 1.000 1.000 0.998 0.999  0.998 0.691 0.921  0.966 / 0.641 0.598
NN, 0.000  0.000 1.000 1.000 1.000 0.999 0999 0.181 0.902 0.963 0.577 / 0.515
N Nj 0.000  0.000 0.573 0.598 0.605 0.607  0.604 0.517 0.487 0.511 0.506 0.488 /
Sum 6 8 0 0 0 1 0 0 0 0 0 0 0
Table 11.c P-value of uSPA test of inflation growth in The Netherlands

N ARCy ART, ARCu;c ARCpic ARTa;jc ARTgie RW TVy TVae TVgie NN NN, NNj
ARC, / 0.991 1.000 0.644 1.000 1.000 1.000 1.000 1.000  1.000 0.999 0.998 0.999
ART) 0.015 / 0.999 0.983 1.000 0.644 1.000 0.995 0.994 0.996 0.988 0.991 0.994
ARCa1c 0496 0.849 / 0.395 0.970 0.978 0991 0.987 0.959 0.967 0.988 0.992 0.990
ARCpgic  0.639 0.885 0.645 / 0.978 0979  0.994 0985 0.966 0.959 0.984 0.988 0.993
ART4c 0.051  0.653 0.020 0.016 / 0.457 0.991 0.983 0.964 0.963 0.978 0.977 0.975
ARTprc  0.082  0.752 0.045 0.025 0.466 / 0.995 0.966 0.957 0.955 0.978 0.987 0.978
RW 0.010 0.228 0.974 0.972 0.982 0.972 / 0.737 0.607 0.592 0.785 0.681 0.672
TVs 0.000  0.030 0.998 0.994 0.995 0.999  0.998 / 0.834 0.898 0.620 0.916 0.838
TVaic 0.000 0.054 0.993 0.996 0.994 0.995 1.000 0.762 / 0.416 0.806 0.620 0.664
TVsic 0.000  0.047 0.999 0.995 0.999 0.998  0.999 0.845 0.461 / 0.822 0.704 0.691
NN, 0.000 0.025 0.997 0.991 0.992 0.998 1.000 0.322 0.653  0.656 / 0.521 0.417
NN, 0.000 0.055 0.997 0.996 0.998 0.998  0.997 0911 0.805 0.856 0.803 / 0.161
NN3 0.000 0.030 0.999 0.996 0.998 0.999 0.998 0.932 0.821 0.843 0.784 0.396 /
Sum 8 4 2 2 0 0 0 0 0 0 0 0 0
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Table 11.d P-value of uSPA test of inflation growth in Portugal

N ARC, ART, ARCuyc ARCpic ARTuwec ARTgie BW  TVs TVae TVsie NNi NNo NN,
ARC,y / 0.698 0.989 0.998 0.978 0.969 0.969 0.997 0.998 0.998 0.997 0.989 0.993
ART, 0.934 / 0.982 0.993 0.931 0.955 0.991 0.988 0.995 0.996 0.990 0.982 0.984
ARC 4 0.966 0.167 / 0.981 0.186 0.207 0.962 0.988 0.982 0.995 0.992 0.981 0.983
ARCgie  0.937  0.070 0.154 / 0.072 0.101 0.974 0.993 0.976 0.985 0.997 0.980 0.986
ART e 0.883  0.950 0.863 0.905 / 0.196 0.970 0.991 0.990 0.992 0.993 0.984 0.986
ARTgic  0.905 0.960 0.936 0.916 0.485 / 0.971 0.992 0.988 0.999 0.993 0.983 0.980
RW 0.957 0.839 0.979 0.985 0.974 0.976 / 0.994 0.991 0.991 0.986 0.983 0.984
TV3 0.000 0.000 0.914 0.969 0.882 0.878 0.965 / 0.815 0.933 0.482 0.003 0.009
TVaic 0.000  0.000 0.774 0.818 0.698 0.715 0.928 0.486 / 0.982 0.326 0.143 0.142
TVsic 0.000  0.000 0.665 0.775 0.628 0.581 0.934 0.158 0.018 / 0.072 0.034 0.023
NN; 0.000 0.000 0.855 0.911 0.803 0.793 0.969 0.754 0.783 0.931 / 0.000 0.000
NN, 0.000 0.001 0.958 0.983 0.908 0.931 0.982 0.994 0.876 0.971 0.883 / 0.001
N Nj 0.000 0.000 0.969 0.977 0.929 0.923 0.975 0.988 0.863 0.966 0.960 0.488 /
Sum 6 6 0 0 0 0 0 0 1 0 0 3 4
Table 11

Note: p-values that less than 0.05 are colored, which indicates model j has uSPA regarding model i.

To summarize, ARC), gives most stable and accurate forecasts for both GDP and inflation
growth which is in line with many former literature (Stock and Watson (1998), Marcellino
(2004), Marcellino (2007) etc.). Time-varying methods show good performance in forecasting
GDP growth. ART), provides satisfying results in predict inflation growth and can outperform
ARCY in particular data set. AR methods with lags chosen by AIC and BIC yield moderate
results as they provide more inconsistent forecasts with low accuracy. NN methods are the
most unstable in forecasting. In forecasting GDP, we find poorer performance as the number
of units increases in the hidden layer. As for inflation, more units in NN models yield to
better results. It is hard to give a convincing explanation as we only have a limited number
of NN models. However, one possible reason can be the high fluctuation in inflation growth
which can be seen from figure 1 and 2. From the period 2000q1 and onward, inflation growth
fluctuates more than GDP growth. NN models are smart with in-sample fitting, and they are
perfectly flexible. Hence they deliver better performance when dealing with more fluctuate

inflation growth but tend to overfit in forecasting GDP.
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Table 12.a P-value of aSPA test of inflation growth in France

N ARCy ART, ARCaic ARCgpre ARTaje ARTsie RW  TVs TVae TVeie NNi NN, NN
ARC,y / 0.974 1.000 1.000 1.000 1.000 1.000 1.000 1.000  0.998 0.999 1.000 1.000
ART, 0.021 / 0.994 0.994 1.000 0.999 1.000 0.876 0.982  0.987 0.997 0.941 0.923
ARCarc 0.000 0.009 / 0.772 0.587 0.721 1.000 0.130 0.275  0.485 0.900 0.136 0.121
ARCpgic  0.000 0.001 0.219 / 0.355 0.464 1.000 0.032 0.195 0.304 0.870 0.031 0.022
ART s 0.000 0.000 0.456 0.663 / 0.819 1.000 0.184 0.303 0.445 0.869 0.208 0.178
ARTgre  0.000 0.000 0.287 0.512 0.172 / 1.000 0.146 0.239 0.391 0.824 0.175 0.147
RW 0.000  0.000 0.000 0.000 0.000 0.001 / 0.001  0.000 0.007 0.259 0.001 0.000
TV; 0.001  0.130 0.893 0.972 0.821 0.848 1.000 / 0.784  0.848 0.969 0.705 0.634
TVaic 0.001  0.014 0.715 0.825 0.704 0.760  0.999 0.213 / 0.762 0.948 0.227 0.198
TVic 0.001  0.017 0.497 0.693 0.504 0.628  0.992 0.162 0.249 / 0.904 0.129 0.120
NN 0.001  0.004 0.122 0.127 0.149 0.184  0.740 0.045 0.058 0.082 / 0.044 0.036
NN, 0.000 0.053 0.844 0.960 0.803 0.827  0.999 0.291 0.764 0.859 0.976 / 0.270
NN 0.000 0.083 0.861 0.977 0.818 0.867  0.998 0.341 0.768 0.886 0.951 0.707 /
Sum 12 8 1 1 1 1 0 3 1 1 0 3 3

Table 12.b P-value of aSPA test of inflation growth in Greece

N ARC, ART, ARCaic ARCpic ARTaic ARTgic RW TVs TVae TVeie NNy NNy NNj
ARC, / 0.057 1.000 1.000 1.000 1.000 1.000 0.999 1.000 1.000 1.000 1.000 0.944
ARTy 0.937 / 1.000 1.000 1.000 1.000 1.000 1.000 1.000  1.000 1.000 1.000 0.938
ARC e 0.000  0.000 / 0.359 0.082 0.063  0.968 0.185 0.000 0.000 0.303 0.377 0.934
ARCpre  0.000  0.000 0.710 / 0.085 0.077 0995 0.177 0.000 0.000 0.309 0.397 0.936
ART4rc¢ 0.000  0.000 0.929 0.896 / 0.323 0992 0.237 0.000 0.000 0.386 0.473 0.928
ARTgic  0.000 0.000 0.939 0.926 0.649 / 0.995 0.289 0.000 0.000 0.398 0.461 0.927
RW 0.000  0.000 0.021 0.007 0.011 0.003 / 0.111 0.000 0.000 0.182 0.231 0.927
TVs 0.000 0.001 0.788 0.794 0.751 0.733  0.885 / 0.030 0.065 0.992 0.995 0.940
TVarc 0.000  0.000 1.000 1.000 1.000 1.000 1.000 0.969 / 0.998 0.981 0.992 0.945
TVgic 0.000  0.000 1.000 1.000 1.000 1.000 1.000 0.944 0.004 / 0.955 0.968 0.944
NN, 0.000  0.000 0.674 0.698 0.628 0.580  0.816 0.002 0.015 0.043 / 0.875 0.937
NN, 0.000  0.000 0.582 0.565 0.512 0.529  0.758 0.004 0.008 0.032 0.120 / 0.932
N Nj 0.069 0.051 0.074 0.072 0.062 0.064 0.065 0.062 0.062 0.064 0.074 0.060 /
Sum 10 10 1 1 1 1 0 2 9 7 0 0 0

Table 12.c P-value of aSPA test of inflation growth in The Netherlands

N ARCy ART, ARCu;c ARCpic ARTa;jc ARTgie RW TVy TVae TVgie NN NN, NNj
ARC, / 0.995 1.000 1.000 1.000 1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000
ART) 0.003 / 0.997 0.999 1.000 0.999 1.000 0.999 1.000 0.999 0.996 0.994 0.997
ARC 41 0.000 0.000 / 0.096 0.988 0.965 1.000 0.001 0.000 0.001 0.001 0.001 0.001
ARCpg1c  0.000 0.000 0.903 / 0.993 0.985 1.000 0.000 0.000 0.001 0.002 0.004 0.000
ART4;c 0.000 0.000 0.012 0.011 / 0.160  0.997 0.002 0.000 0.000 0.002 0.003 0.003
ARTgrc  0.000 0.000 0.032 0.017 0.852 / 0.999 0.001 0.000 0.000 0.002 0.003 0.001
RW 0.000 0.002 0.000 0.000 0.000 0.001 / 0.001  0.000 0.000 0.000 0.000 0.000
TVs 0.000  0.002 0.997 0.997 0.997 0.999 1.000 / 0.872  0.849 0.722 0.849 0.831
TVaic 0.000  0.000 0.998 1.000 1.000 1.000 1.000 0.116 / 0.044 0.186 0.140 0.131
TVsic 0.000  0.001 1.000 0.997 1.000 0.999 1.000 0.179  0.950 / 0.236 0.214 0.192
NN, 0.000 0.005 0.999 1.000 0.996 1.000 1.000 0.258 0.818  0.767 / 0.379 0.335
NN, 0.000 0.002 0.999 0.999 1.000 0.999 1.000 0.147 0.858  0.803 0.640 / 0.348
NN3 0.000 0.006 0.999 0.998 0.999 0.999 1.000 0.168 0.862 0.801 0.659 0.667 /
Sum 12 11 3 3 1 1 0 5 5 6 ) 5 5
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Table 12.d P-value of aSPA test of inflation growth in Portugal

N ARC4 ART4 ARCA[C ARCB]C ARTA]C ARTBIO RW TV; TVA[C TVB[C AUVl NNZ :VN;
ARCy / 0.061 0.987 0.993 0.856 0.856  0.977 0.995 0.999 1.000 0.998 0.998 0.999
ART) 0.932 / 0.991 0.991 0.997 0.999 1.000 0.999 0.997 1.000 0.996 0.996 0.996
ARCy1c 0.014  0.007 / 0.984 0.146 0.128 0.846 0.971 0.980 0.986 0.972 0.958 0.939
ARCpgic  0.005 0.011 0.010 / 0.072 0.059  0.724 0.965 0.979 0.994 0.953 0.932 0.901
ARTy¢ 0.168  0.001 0.853 0.918 / 0.079 0974 0973 0.969 0983 0.964 0.954 0.949
ARTg;c  0.154  0.003 0.875 0.943 0.927 / 0.978 0981 0.972 0.987 0.973 0.955 0.947
RW 0.027  0.007 0.138 0.299 0.026 0.017 / 0.878 0.858 0.940 0.845 0.799 0.721
TV, 0.003  0.000 0.026 0.031 0.023 0.018  0.133 / 0.637 0920 0.119 0.011 0.005
TVarc 0.000  0.000 0.016 0.023 0.035 0.029  0.174 0.380 / 0.991 0.270 0.154 0.107
TVpic 0.002  0.003 0.011 0.015 0.018 0.015  0.066 0.078 0.004 / 0.058 0.037 0.028
NN 0.003 0.003 0.017 0.039 0.026 0.026  0.141 0.855 0.708  0.937 / 0.003 0.000
NN, 0.000  0.009 0.059 0.077 0.049 0.035 0.246 0.993 0.873 0.968 0.998 / 0.015
N Nj 0.000  0.008 0.059 0.089 0.052 0.056  0.273 0993 0.880 0.973 0.999 0.987 /
Sum 9 11 5 4 6 6 0 0 1 0 0 3 4

Table 12

Note: p-values that less than 0.05 are colored, which indicates model j has aSPA regarding model i.

Table 13.a Score of uSPA test of inflation growth

p-val uSPA ARC4 ART4 ARCA[C ARCBIC ARTA]C ARTBIC RW TV; TVA](] TVB](; NN1 NNQ NNJ

FRA 12 4 0 0 0 0 0 0 0 0 0 1 1
GRE 6 8 0 0 0 1 0 0 0 0 0 0 0
NLD 8 4 2 2 0 0 0 0 0 0 0 0 0
PRT 6 6 0 0 0 0 0 0 1 0 0 3 4
Sum 32 22 2 2 0 1 0 0 1 0 0 4 5

Table 13.b Score of aSPA test of inflation growth

p-val aSPA ARC4 ART4 ARCA]C ARCB[C ARTA[(] ARTB[C RW TV; TVA[C TVB[C NN1 NN2 NNJ

FRA 12 8 1 1 1 1 0 3 1 1 0 3 3

GRE 10 10 1 1 1 1 0 2 9 7 0 0 0

NLD 12 11 3 3 1 1 0 5 5 6 5 5 5

PRT 9 11 5 4 6 6 0 0 1 0 0 3 4

Sum 43 40 10 9 9 9 0 10 16 14 5 11 12
Table 13

6 Discussion

In this study, we analyze 13 linear and non-linear models in forecasting GDP and inflation
growth of 4 countries and try to find a benchmark. The traditional way to access forecast
performance is to compare the outcomes of each horizon individual. However, only by loss
evaluation or single horizon predictive ability test is not efficient when comparing a lat set

of models. In our research, the pairwise tests from Quaedvlieg (2018) are applied to 13 sets
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of forecasts and the superior predictive ability of each two methods can be accessed easily.
Loss function evaluation is necessary as it gives intuitive results of predict error. When
the whole forecast path is considered, the multi-horizon test has advantages in at least two
aspects: first, it disentangles the forecasts according to multi-horizon performances; second,
it distinguishes the SPA from spurious results that caused by analyzing multiple horizons

individually.

The pairwise test is proposed to find the existence of SPA between two sets of forecasts. In
our study, we design a scoring system to calculate how many times does each model have
SPA to the others. We try to rank the models in this way and find a global benchmark.
However, the model which won the "Game" does not imply it has uSPA /aSPA to all other
methods in all data sets. If one wants to know the more superior model of the two, he should
still consult the p-value tables of the test. When there are no significant results showing one
model has uSPA /aSPA to another, they do not outperform the other on the multi-horizon

level.

A more convenient way to compare a large number of models, can be the Model Confidence
Set (MCS) which was introduced by Hansen et al. (2003) and Hansen et al. (2011). Later
on, Quaedvlieg (2018) has further developed a multi-horizon version. As we want to have a
comparison of Diebold-Mariano test with its multi-horizon version(uSPA and aSPA), we did
not include MCS in this study. Further researches can use MCS from Quaedvlieg (2018) as

the multi-horizon measurement when comparing a large set of models.

Our research also has several limitations regarding the data set and methodology. First, we
use quarterly data instead of monthly data. Data frequency can have a significant impact
on forecasting performance. Second, 4 European countries are selected for this study which
cannot fully present the situation of all European countries. From the plots of MSE, we
observe that the same model can perform differently in different data sets. Third, we only
estimate the simplest artificial neural network models (with one hidden layer) which cannot
fully present this method. Due to the lack of technical knowledge, we did not choose the

most appropriate NN methods. Further research can be done from these perspectives.
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7 Conclusion

This paper evaluates 13 linear and non-linear models in forecasting GDP and inflation growth
and aims to find a benchmark model from both individual and multi-horizon perspective. We
follow the same structure of Marcellino et al. (2006) in the first part of this research which
compares the chosen models by MSE. Then in the second part, we compare the DM test with
uniform and average superior predictive ability test from Quaedvlieg (2018). Combining the
results from all measurements, the autoregressive model with 4 lags gives the most consistent
and accurate forecast among all methods for every data sets. In addition, time-varying
autoregressive models perform well in forecasting GDP growth while the autoregressive model
with 4 lags and a linear trend gives outstanding forecast in inflation growth. Overall, we
propose the autoregressive model with 4 lags as the multi-horizon benchmark in forecasting
GDP growth and inflation. Moreover, the multi-horizon superior predictive ability tests from
Quaedvlieg (2018) are examined to be efficient and reliable in comparing multiple models’

forecasting performance of the whole forecast path.

Finding a consistent and reliable benchmark is essential for macroeconomic researchers as
it extracts the information from the past behaviour of the variable and displays the real
value added by economic theory. In this sense, forecast at multiple horizons should be even
valuable since the economic theories are often working for an extended period. Hence, further

research is welcome in this area.
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8 Appendix

Table 14.a Correlation matrix of GDP growth for 12 countries

AUT BEL DEU DNK ESP FIN FRA GRC ITA NLD PRT SWE
AUT  1.00
BEL 0.44 1.00
DEU 045 0.39 1.00
DNK 027 034 0.28 1.00
ESP 0.32 049 030 0.16 1.00
FIN 028 034 036 012 0.33 1.00
FRA 047 060 047 032 047 0.43 1.00
GRC 0.15 0.22 026 0.10 0.32 0.13 0.22 1.00
ITA 0.39 048 032 020 035 0.28 0.59 0.16 1.00
NLD 029 034 042 022 032 025 036 008 0.18 1.00
PRT 026 043 033 028 053 028 052 027 036 029 1.00
SWE 028 035 028 021 020 038 039 010 022 011 0.12 1.00
Table 14.b Correlation matrix of CPI growth for 12 countries
AUT BEL DEU DNK ESP FIN FRA GRC ITA NLD PRT SWE
AUT  1.00
BEL 0.91 1.00
DEU 0.89 0.78 1.00
DNK 0.82 083 0.73 1.00
ESP 0.76 079 0.66 0.90 1.00
FIN 0.89 091 0.76 088 0.87 1.00
FRA 084 088 0.76 094 0.89 0.89 1.00
GRC 0.57 0.57 055 066 0.69 0.67 0.70 1.00
ITA 0.81 086 0.72 092 092 0.89 095 0.76 1.00
NLD 088 082 082 074 0.67 0.79 0.77 034 069 1.00
PRT 0.69 0.73 058 080 087 079 084 0.7 0.8 056 1.00
SWE 0.76 0.75 070 082 086 084 0.8 0.76 087 0.63 0.82 1.00
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