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ABSTRACT

"FORECASTING GDP GROWTH OF 10 EURO AREA COUNTRIES: LSTM vs.
NARX Neural Network”

In this thesis, the GDP growth of 10 Euro Area countries (Austria, Belgium, Spain, Germany,
France, Finland, Ireland, Italy, The Netherland, and Portugal) are predicted using two of the latest
forecasting methods of artificial neural network algorithm. These two forecasting methods are Long
Short-Term Memory (LSTM) network and the Nonlinear Autoregressive Exogenous Inputs (NARX)
network models which are the most popular techniques in the recurrent dynamic neural network
literature. The forecasting performance of LSTM and NARX is compared with the root mean square
error, mean absolute error, and r-square values of the tests. While the LSTM network shows better
performance for some countries such as Finland, France, Italy, and, Portugal, the NARX method
outperforms LSTM for Austria, Belgium, Germany, Spain, and Ireland. In the Netherland case, both
techniques produced the nearly same result. The contribution of each variable to the model prediction
is evaluated by Shapley Additive Explanations (SHAP) values. In this thesis, according to the SHAP
values, the positive and negative impact of each feature varies for countries and the strength of the
impact shows variety. We conclude this result as the economic, geopolitical, and demographic features
of countries. Besides, the contribution of the exchange rate to the prediction ranked in the lowest order
means that the exchange rate slightly contributes to GDP growth of selected euro area countries. The
reason lies in the fact that all EA countries are using Euro as local currency. In the global monetary
market, Euro has a strong purchasing power, and this makes EA countries to be independent in

currency and not get affected much by exchange rate fluctuations.

Key Words: GDP Growth, Leading Indicators, Neural Network Forecasting, LSTM, NARX,

Macroeconomic forecasting, Artificial neural networks; Comparative methods



OZET

"10 EURO BOLGESI ULKELERININ GSYiH BUYUMESIi TAHMINi: LSTM ve
NARX Sinir A"

Bu tezde, 10 Euro Bolgesi iilkesinin (Avusturya, Belgika, ispanya, Almanya, Fransa, Finlandiya,
Irlanda, Italya, Hollanda ve Portekiz) GSYIH biiyiimesi, yapay sinir ag1 algoritmasmin en giincel
tahmin yontemlerinden ikisi kullanilarak tahmin edilmektedir. Bu iki tahmin yontemi, tekrarlayan
dinamik sinir agi literatiiriinde en popiiler teknikler olan Uzun Kisa Siireli Bellek (LSTM) ag1 ve dissal
girdilere sahip dogrusal olmayan otoregresif sinir agdir (NARX). LSTM ve NARX'in tahmin
performansi, testlerin ortalama hata karesi, ortalama mutlak hata ve r-kare degerleri ile
karsilastirilmistir. LSTM ag1 Ispanya, Finlandiya, Fransa, Italya ve Portekiz gibi bazi iilkeler i¢in daha
iyi performans gosterirken, NARX yontemi Avusturya, Belgika, Almanya, Irlanda icin LSTM'den
daha iyi performans gostermistir. Hollanda 6rneginde, her iki teknik de hemen hemen ayni sonucu
vermistir. Her bir degiskenin model tahminine katkisi Shapley Additive Explanations (SHAP)
degerleri ile degerlendirilmistir. Bu tezde, SHAP degerlerine gore, her agiklayict degiskenin ekonomik
biiyiimeye olumlu ve olumsuz etkisi, iilkelere gore degismektedir ve etkinin giicii de degiskenlik
gostermektedir. Bunun nedeninin iilkelerin ekonomik ve demografik 6zelliklerinden kaynaklandig
sonucuna varilmigtir. Ayrica, doviz kurunun etkisi modelde en alt sirada yer almaktadir, buna gore
secgilen 10 avro bolgesi iilkelerin GDP biiyiimesi tahmini ig¢in déviz kurunun katkisi ¢ok kiigiiktiir.
Bunun nedeni, tiim EA iilkelerinin yerel para birimi olarak Euro kullanmasidir. Kiiresel para
piyasasinda Euro'nun giicli bir satin alma gliciine sahip olmasi, EA iilkelerinin para biriminde

bagimsiz olmalarini ve déviz kuru dalgalanmalarindan fazla etkilenmemelerini saglamistir.

Anahtar Kelimeler: GSYIH Biiyiimesi, Oncii Gostergeler, Sinir Ag1 Tahmini, LSTM, NARX,

Makroekonomik tahmin, Yapay sinir aglari; Karsilagtirmali yontemler
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1. INTRODUCTION

This study aims to forecast the GDP growth of 10 Euro Area countries using the advanced
artificial neural network methodology of Machine Learning. The idea of the topic comes from the
necessity of economic forecasting using complex non-linear artificial neural network methods in
machine learning. Economic structures are complex and most of the relationships between macro and
microeconomics features are non-linear rather than linear. In the latest studies in economics,
researchers show the non-linearity of economic variables with neural network models and compare the
model performance with the other traditional linear or non-linear regression models. In this thesis, we
will use two of the most powerful neural network methods named the Long-Short Term Memory
(LSTM) network model and Nonlinear AutoRegressive eXogenous inputs (NARX) model for

forecasting GDP values of 10 Euro Area countries.

Forecasting can be defined as a process of estimating events in the near or far future by using
data we obtained from the past or present (Hyndman & Athanasopoulos, 2018). Companies, investors,
engineers, researchers, etc. need to forecast something they need to know before it happens. As
economists, we also need to predict economic phenomena or variables in short-medium and long-term
periods. Although the research on macroeconomic forecasting started years ago, the methods and
accuracy are could not reach the desired level. However, the latest developments in the forecasting
techniques especially the algorithms under the neural networks and random forests have been moving

forward the forecasting results to a certain level.

The artificial neural network has many types. Currently, six types of ANN are commonly
being used in machine learning. They are Feedforward Neural Network, Radial basis function Neural
Network, Kohonen Self Organizing Neural Network, Recurrent Neural Network (RNN),
Convolutional Neural Network, and Modular Neural Network. This Study is going to implement the
recurrent neural network model with Long Short-Term Memory (LSTM) network, and Nonlinear
AutoRegressive eXogenous inputs (NARX) network. Recurrent neural networks, LSTM, and NARX

will be introduced in detail in the following sections.

Many economic researchers proved that ANN models have advantages in predicting
economic variables in the long run. This study will examine the forecasting power of two machine-
learning techniques with ten leading indicators for GDP growth of 10 Euro area countries for the

1990-2020 periods. The rest of the study will be organized as follows: in the next section, deep



literature reviews relative to GDP forecasting and artificial neural network applications will be
presented. In the third section, the research data will be introduced, and descriptive statistics of the
data will be given. In the fourth section, LSTM and NARX architectures will be introduced. In the
fifth section, the empirical finding will be discussed, and relative test results will be interpreted. The
conclusion and further discussion will be placed in the final sections. After the References section, the

Appendix section will include relevant figures, tables, and other outcomes of the test.

Achievements in forecasting output, output gap, potential growth, inflation, and other major
macroeconomic variables encourage this study. In this part, before presenting the relative literature
review of the study, a short introduction about GDP growth and artificial neural networks will be

given.

1.1.  Gross Domestic Product (GDP)
Gross Domestic Product (GDP) is defined as the market value of total final goods and

services produced within a country’s boundaries in a year by both its citizens and foreigners. GDP
growth indicates the annual or quarterly average rate of change of the gross domestic product (GDP) at
market prices based on constant local currency, for a given national economy, during a specified
period of time. GDP is one of the most crucial macroeconomic variables that help politicians’
economic decisions and political strategies. There are too many factors and variables affecting GDP
growth inside and outside of the economy. The determinants of GDP include Inflation, Foreign direct
investment, Exchange rate, M2 to the M3 money supply, Unemployment, Wage, The cost of
production, Productivity, Consumption, Private and Government investment, and The Balance of
imports & export, etc. These variables vary depending on the country's structure, socioeconomic and

demographic background, and developmental status.

Policymakers need an on-time and reliable forecast of some macroeconomic variables such
as GDP growth, inflation, productivity, and exchange rate to be able to take the right and necessary
actions for the monetary and fiscal policy. However, the data publication of some indicators could
delay one or two periods, whereas economic policies should be applied one or two periods before the

activities happen. Therefore, using immediate data to forecast the next period of activity is important.

GDP growth has been predicted in plenty of ways since macroeconomics was born. The
determinants of GDP growth are varying by country. In this study, we take ten Euro Area countries
and ten macroeconomic variables as input variables affecting the GDP growth of these countries. The

selected ten EA countries are Austria, Belgium, Spain, Germany, Finland, France, Ireland, Italy, the



Netherland, and Portugal. Selected input variables are long-term interest rate, short-term interest rate,
unemployment rate, exchange rate, Inflation, government spending, investment, consumer confidence
index, current account balance, and a composite leading indicator. As GDP is affected by many other
factors, however, due to the difficulties of including all the relevant variables in the model, we fixed

the explanatory variables in these ten.

1.2.  Artificial Neural Network (ANN)

Artificial Neural Network (ANN) is a data processing paradigm under Artificial Intelligence
technology. It was developed with inspiration coming from the biological neural system such as the
human brain. The human brain collects the data, processes it, converts it to useful information, and
offers humanity to use it. The Artificial Neural Network is working with the same logic. It collects the
data and transforms them into information through various complex processes just as the brain does

for us (Dongare et al. 2012).

1.2.1. The Biological Neuron

The biological neuron has three main actors which help the brain to fulfill its duty. The
system consists of dendrites, axons, and synapses. A cell body of a neuron receives the signal via
dendrites, transmits the signals to other neurons through the axon, and completes the connection by

using the synapse. This is a basic process of how brain neurons work (Cavuto, 1997).

Cell Body

Synapse

Dendrites

Figure 1.1. Biological Neuron

Source: Cavuto D. J. (1997).



1.2.2. The Artificial Neuron

Acrtificial Neuron uses the working principle of the brain. As in the biological neuron system,
there are three main layers: Input layer, hidden layer, and output layerl. The input layer can be thought
of as the dendrites of the neuron, the hidden layer represents the axon, and the output layer is like the
final signal received by another cell via synapse (Kukreja et al. 2016). With a more basic explanation,
we can think of the neural network as a nonlinear regression function of the dependent and
independent variables (Chung and Tung, 1995). Due to its successful imitation of the human brain, the
artificial neural network is widely used today in weather forecasting, economic forecasting, pattern

recognition, and other robotic technologies (Kukreja et al. 2016).

X0

X1

X2

X3

Xn

Input Layer Hidden Layer Output Layer

Figure 1.2. Simple Structure of an Artificial Neuron

Source: Drawn by the author.

When an artificial neural network executes the calculation process, the input unit dispatch
the signals to the neuron "Hidden Units" by weights, the signals arrived at the hidden units are first
gathered in the "sum" unit. (see figure 1.3). In the next step, the sum of the signals will be transformed
by a chosen activation function. Lastly, the transformed activation unit is forwarded to the output unit
(Swanson and White, 1997).

! The most simple neural network does not include a hidden layer, it can be thought of as linear regression (Hyndman &
Athanasopoulos, 2018).
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Activation Function

Inputs  Weights Hidden Units Output

Figure 1.3. Basic Mathimatical Structure of ANN

Source: Drawn by authors.



2. LITERATURE REVIEW

Macroeconomic forecasting plays an important role in policymaking and economic
decisions. An accurate and significant prediction can serve valuable information for policymakers and
economists even for non-expert agents. Granger and Newbold (2014, p.150) said “the particular
important question to economists is when will the next turning point in the economy occur?” The
GDP Growth and its determents are the leading factors in evaluating the turning point of the economy
in the past, current, and future time dimensions. Therefore, researchers have tried to estimate key
macroeconomic variables in several ways (see Chung and Tung (1995), Swanson and White (1995),
Stock and Watson (1999), Qi. (2001), Heravi et al. (2003), Marijana et al. (2009)). A comprehensive

literature review is presented as follows.

According to Maasoumi et al. (1994), although the simple linear models with unit roots are
still dominating the econometric modeling literature, a new era of economic and econometric
modeling has started thanks to the development of artificial intelligence and machine learning. As a
useful output of artificial intelligence, ANN is providing quick and accurate calculations for statistical
analysis. Maasoumi et al. analyze US macroeconomic variables such as interest rate, unemployment,
S&P 500 index for stock prices, real GDP, and real wages employing ANN. As in other studies, they
employed a single hidden layer “feedforward” neural network. One suggestion of the study is the
model fit could be improved by raising the number of training periods. Another useful suggestion is a
good combination of activation function, lagged values of a dependent variable, and cost functions can

give a better fit for the model.

Swanson and White’s researches are valuable examples of applications of neural networks.
They concentrated on the model selection approach in forecasting macroeconomic time series and
used neural networks and linear models simultaneously. In two of their study, they forecasted nine
macroeconomic variables with a model selection approach using neural network models. In 1995, they
evaluated adaptive models and non-adaptive models in forecasting performance. The adoptive models
they mentioned are the artificial neural network models and as the result, adoptive models always
outperform nonadoptive models in forecasting the levels and directions of macroeconomic variables.
In their study in 1997, they compared flexible, nonflexible, linear, and nonlinear econometric models

in real-time. In the study, they focused on model selection and performance. Four important results



concluded as follows: first, flexible specification nonlinear models outperform fixed specification
linear models in forecasting complicated macroeconomic phenomena varying over time. Second, they
propounded the first evidence that more rigid fixed specification models poorly explain time-varying
coefficients than flexible specification models. The third contribution is that the study presented the
inability of the Schwarz information criterion (SIC) in model selection. They suggested using cross-
validation techniques or multiple hidden layers neural network models, especially in out-of-sample
model selection criteria. Fourth, they concluded that level models are more suitable for forecasting
rather than random walk and ARIMA models.

Chung and Tung (1995) forecasted the exchange rate of the US dollar, British Pound,
Canadian Dollar, Deutsche Mark, Japanese Yen, and Swiss franc using two different neural network
models. This was a quite initial empirical study of neural networks and economic forecasting. They
performed feedforward neural network and recurrent neural network models for 1245 observations.
The focus of the study is to investigate whether neural networks can provide superior out-of-sample
forecasts to linear models. They found that different neural networks perform differently for their
series. The Predictive Stochastic Complexity (PSC) test is a useful tool in selecting suitable neural
network models. However, in their conclusion, they indicated that the results of the empirical study

provide limited evidence in encouraging the effectiveness of neural network models.

Estrella and Mishkin (1998) examined financial variables as leading indicators of US crises.
Financial leading indicators such as interest rate and spread, stock prices, and monetary aggregates are
evaluated separately and compared with other financial and non-financial indicators. The analysis
examines the out-of-sample performance of leading indicators from one to eight quarters. The result of
the research has revealed that stock prices are a good indicator in 1-3 quarters. The study concluded
that financial variables could complement macroeconomic models and other predictions by providing
them with the ability to control quickly and reliably. This study sheds light on this thesis on choosing

variables.

Stock and Watson (1999) forecast the inflation of the US economy for one year. They
performed out-of-sample forecasting based on the Philips Curve. They forecasted not only a bivariate
model but also a multivariate forecasting model with leading indicators. As a summary of the study,
forecasting inflation using the Philips Curve outperforms forecasting using macroeconomic variables

such as interest rate, money, and commodity prices.

Pons (2000) evaluated the GDP forecasting accuracy of IMF and OECD for G7 countries.

He comments on the accuracy in terms of the biasedness and efficiency of OECD and IMF current-



year forecast and year-ahead forecast. He compared the root mean square error (RMSE), mean
absolute error, and Thiel’s U of the OECD and IMF forecasts. According to the results, the OECD
forecast shows better accuracy than the IMF forecast, and the current-year forecast is greater than the
long-term year-ahead forecast. Regarding efficiency, both IMF and OECD forecasts are efficient
except in the case of Japan. He also examined the directional accuracy by measuring the x2 test and

both organizations exhibit similar accuracy of directions.

Min Qi (2001), in his study, the US great recession was forecasted with the new neural
network method. He stated that the business cycle was asymmetric and it could not be predicted
accurately with linear constant parameter single-index models, so complex nonlinear models such as
the new neural network models could predict the recession more efficiently. In the study, he used four
interest rate and spread variables, three stock price indices, eight monetary aggregates, nine individual
macro indicators, and three indices of leading indicators as input variables. He tested the relevancy of
each variable group with the US recession both by themselves and suitable combinations of the
variables. As a result of this research, the interest rate spread was determined as the only indicator that
best predicts the US great recession among the 27 variables for the next 2-6 quarters. Rests of the

variables improve the result when they are combined with interest rate spread.

Tkacz (2001) forecasted Canadian GDP growth using neural networks. To measure the
forecasting performance of the neural network, he applied three-time series models, one linear model,
and neural network models with univariate and multivariate bases simultaneously. To see the
difference between these three models, he conducted one-quarter and four-quarter tests separately. In
the conclusion of his study, in the short run, linear models and time series models show better

performance while neural network models capture success in the long run forecasting.

As we included some macroeconomic variables as explanatory variables of GDP growth, it
is worth looking at studies related to the relationship between these variables and GDP. Aron and
Muellbauer (2002) demonstrate the effect of interest rates on the GDP growth of South Africa. They
apply multistep forecasting techniques to forecast the GDP growth of South Africa and draw attention
to the effect of interest rate on GDP. In their summary, they indicate that interest rate affects GDP
growth with the effect of monetary policy regime and exogenous shocks. We will see how interest

rates are related to the GDP of the 10-euro area countries in the empirical finding part of the study.

The impact of macroeconomic variables such as inflation, interest rate, and exchange rate on
GDP is examined in the studies of Jilani et al. (2010) and Semuel and Nurina (2015). The result of the

study by Jilani et al. shows a significant relationship between inflation, interest rate, and exchange rate



with GDP for the economy of Pakistan. The multivariate regression analysis of the study indicates
there is a negative relationship between inflation and interest rate with GDP, while the exchange rate
has a positive effect on the output. Contrary to the conclusion of the study of Jilani et al. (2010),
Semuel and Nurina (2015) found in their study that, inflation, and the interest rate has a significant and
positive impact on the GDP of the Indonesian economy, while the exchange rate has no significant
effect on GDP.

Allende et al. (2002), compared the forecasting performance of ANN and the traditional
statistical time series method. They mentioned the advantages and disadvantages of both the
multilayer feedforward ANN and ARIMA time series model. According to the results of their
application, ANN performs well in predicting complex datasets. It does not need too large data to train
the algorithm and does not require process knowledge in model specification while the statistical
method requires much more dataset and probability distribution in the training. . In ANN time series
forecasting, it can predict multiple outputs and there is a possibility of developmental design, but the
ARIMA model is only able to predict single or few outputs and developmental designs have not been
used yet in this method. On the other hand, in some cases the ARIMA forecasting method outperforms
ANN. For instance, when the dataset is smaller, and the model just needs to estimate fewer
parameters, a statistical method will give a better fit for the estimation. Also, if measures of
uncertainty are required, statistical methods should be used. However, when the relationship between
the dependent and independent variables is non-linear, there are limited applications in the statistical

method and the ANN should be preferred in this case.

Heravi et al. (2003) forecasted European industrial production using a comparative analysis
of linear and neural network models. They evaluated the root mean square error of the models and
concluded that linear models show more significant performance than neural network models in the
one-year horizon, but neural network models outperform linear ones in forecasting the direction of
variation as shown in Swanson and White (1995). They emphasized the importance of nonlinear

models in predicting macroeconomic variables.

Banerjee et al. (2005) examined the forecasting power of a large set of leading indicators and
US macroeconomic variables for the Inflation and GDP growth of the Euro Area by using three
different approaches. They believed that the development of the Euro Area is following the
development of the US economy and the ECB policy goes parallel with the FED. According to their
empirical finding, univariate leading indicator models systematically outperform the ex post

autoregression models for both inflation and GDP growth, but the best indicator changes over time.



Besides, they indicate the average best indicators as world GDP and demnad growth, interest rate,
public expenditure and labor market variables. Onder et al. (2013) applied a similar method for
Turkey's GDP growth and inflation forecasting for 2023 and used exponential smoothing techniques,
decomposition method, and neural network method. They argued that the continuous graphs of ANN

estimation reflect the real situation and show more logical trends than other estimations.

Marijana et al. (2009), forecast the GDP growth of 27 EU member countries with linear
regression models and neural network models. They performed pooled OLS models and fixed-effect
models for using them as reference models to be able to evaluate the performance of neural network
models. They choose a feedforward neural network model and backpropagation algorithm to train the
data. At the end of the research, the investigators suggest that it is useful to combine the linear
regression models and neural network models to forecast macroeconomic variables such as GDP
growth. Furthermore, their results show that adding financial variables enhances the forecasting

performance of the model.

Jahn (2018) predicted 15 developed economies’ GDP growth from the 1996 to 2016 period
by using the artificial neural network model. In this study, he took three simple linear regression
models as a reference model to interpret his ANN regression model. He conducts three different tests
on his data and chooses the model which gives the best result. He applied the fixed effect model,
dynamic panel model, and pooled OLS model and chose the pooled OLS model to be a reference
model for the comparison of the ANN model because the pooled model does not require any
conversion of the input data. The author used the Levenberg- Marquardt algorithm to test the
performance of ANN. He selected a random 80% of the observation for training the algorithm and
used 20% for the validation. From the result of his study, he concludes that the ANN model gives
more significant results than the reciprocal linear models and captures the time trends very well.
Unlike the linear regression model, the marginal effect of the time variable on the GDP growth rate is
non-constant and explains the GDP growth more reasonably. The RMSPE of the ANN forecasting is

much smaller than the linear model forecasting.
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3. RESEARCH DATA

The data used in this study are collected from OECD and Eurostat databases. The data
Period is January 1990- to December 2020. The dependent variable to be forecasted as output is GDP
growth for 10 Euro Area countries, which are Austria, Belgium, Germany, Spain, Finland, France,
Ireland, Italy, the Netherland, and Portugal. Despite there being 19 countries in the Euro Area, due to
the lack of data, nine EA member countries have not been included in the study. The independent
variables to be used as input in the model are consumer confidence index (CCI), composite leading
indicator (CLI), current account balance (CurrAcc), the exchange rate (ExRate), government spending
(Gov_spending), inflation (Inf_CPI), Investment, long-term interest rate (Long_intrate), short-term
interest rate (Short_intrate), and unemployment rate (Unem_Rate). These variables have been selected

according to the relative literature on GDP forecasting and neural network methodologies.

Figure 3.1 illustrates the annual GDP growth in the selected countries from 1990 to 2020.
GDP growth of euro area countries generally moves in the same direction except for Ireland. During
the economic crises in the world, western countries were also influenced by the negative effect of the
recessions; thereby GDP growth fell in Europe. There was an early 1990s recession during the 1990
and late 1993, 2001 economic recession, the financial crisis of 2007-08 and European debt crises
during 2008-2012, and finally, the Covid-19 pandemic caused the economic downturn in the world

indeed in Europe.

From the graph, we can see the dropdown in the growth rate with the lagged impact of the
recession periods, especially in 1993, 2009 and 2020 growth rate dropped dramatically and some
countries such as Germany, Finland, Ireland, and Italy experienced negative growth around -5% to -
8%. Finland experienced a deep depression from 1991 to 1993 because of some external shocks
coming from the Soviet Union and sharp cycles in the OECD area. Another factor that triggered the
great recession was the political mistake by the Finland government. The poorly designed financial
policies caused a credit crunch and accelerated unemployment. The GDP growth sharply decreased by
13% and the unemployment rate rose from 3% to almost 20% in two years. Other eight countries

except for Ireland are also deeply affected by crises even though not as much as Finland.

Unlike other countries, Irish GDP grew by over 5% from 1993 to 2008 and after falling
slightly between 2008-2013, it exploded with 25% growth in 2015 and continues to grow despite the
covid-19 pandemic. OECD reported that the main reason for the particularly high Irish GDP growth
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rates lies in the low corporation tax rates employed by the Irish government attracted a large part of
multinational corporations and led them to reallocate their investment in both economic activities and

intellectual properties to Ireland.

With the covid-19 pandemic, the economy worsened and almost all countries grew
negatively. At the beginning of 2020, coronavirus spread widely and western countries including Italy,
Germany, and France were severely injured by the virus. Governments struggled with the lockdown
and both private and public sectors faced contraction or bankruptcy. As we can see from the figure, all
countries except Ireland went into negative growth, and the economy shrunk by more than 10%. IMF
described the contraction as the worse since the Great Recession of the 1930s (BBC). During the
pandemic recession, unemployment raised along with the financial shrinkage in real sectors, restricted
trade, and tourism, raised mortality and labor shortage due to the illnesses, declined tax and increased
government expenditure triggered the economic downfall and as a result of these pressures downturns
in the GDP growth became inevitable.

As shown in figure 3.1 from late 2019, the GDP growth of selected countries started to fall
and came to zero level in early 2020, afterwards the growth rate declined sharply. Within a few
months growth rate of Italy, Spain, Belgium, France, and Portugal saw the lowest rate after the great
recession in 2009. Austria, Finland, Germany, Ireland, and the Netherland also had a negative growth

rate in those years.
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Figure 3.1. GDP Growth of 10 EA Countries between 1990-2020
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3.1. Data Transformation

In the dataset of this study, some variables are originally monthly, and some are collected on
an annual and quarterly basis. We transformed the annual and quarterly data to monthly in Eviews by
employing the low-frequency to high-frequency quadratic match average data conversion method. We
completed the missing values with the mean values of the available series. In table 3.1 we summarize
the data with variable names, start and end date of each variable, number of observations in the series,

original frequency, and converted frequency of the set.

Table 3.1. Data Information

Variable Start Date End Date # of Frequency Converted
Observations

GDP Growth 1960-Q2 2021-Q4 108 Quarterly Monthly
Long-term interest rate 1990-M01 2021-M09 369 Monthly -
Short-term interest rate 1989-M06 2022-M02 377 Monthly -
Unemployment Rate 1993-M01 2022-M01 324 Monthly -
Exchange Rate (EUR/ECU) 1975-M01 2015-M12 480 Monthly -
Inflation (CPI) 1960-M04 2021-M12 728 Monthly -
Consumer Confidence Index 1986-M06 2022-M02 426 Monthly -
Composite Leading Indicator 1987-M01 2022-M02 420 Monthly -

(CLI)

Current Account Balance 2003-Q2 2021-Q3 73 Quarterly Monthly

Investment 1994-Q1 2021-Q2 109 Quarterly Monthly

Government Spending 1995 2020 25 Annual Monthly

In table 2, we describe the data with full terminology, the abbreviation we used during the

test, and the source of the variable.

Table 3.2. Explanation of variables
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Variable Explanation Source
GDP_growth Growth rate of gross domestic product OECD
Long_intrate Long-term interest rate OECD
Short_intrate Short-term interest rate OECD
Unem_Rate Unemployment rate OECD
Exrate Exchange Rate (EUR/ECU) Eurostat
Inf_CPI Inflation measured by consumer price index OECD
CClI Consumer confidence index OECD
CLI Composite leading indicator OECD
CurrAcc Current Account Balance of payment OECD
Investment Investment measured by gross fixed capital formation OECD

Gov_spending General Government spending OECD
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4. THE MODELS

4.1. Recurrent Neural Network
The recurrent neural network is a supervised machine learning method with one or more

feedback loops. The working principle of the recurrent neural network is saving the output of one layer
and feeding this output as an input to the next layer. In each loop, each neuron remembers information
from the previous layer and saves this information for later use. In this study, we implemented the two

most commonly used recurrent neural network models.

4.2. LSTM Architecture
Hochreiter & Schmidhuber introduced a long short-term memory (LSTM) network in 1997.

They developed this new recurrent network in conjunction with a suitable gradient-based learning
algorithm. LSTM was designed specifically to solve the vanishing gradient and error back-flow
problems that other recurrent networks could not address. Additionally, it can apprehend long-time
dependencies in the sequence and leads to many successful runs, learns fast, and can handle complex,

artificial long-time lags tasks.

A layer of LSTM architecture comprises a set of connected blocks named memory blocks.
These blocks contain one or more memory cells which can be thought of as a computational unit and
three gates which are the input gate, forget gate, and the output gate. Gates are the weighted functions
that manage the information flow in the cell. A memory cell has three weight parameters in the input
time steps. Input weights are the weight of the inputs in the current time step. The internal state is for
calculating the output for the current time step. An output weight is the weight of output in the last

time step.

The basic structure of an LSTM can be expressed as:
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Figure 4.1. General Structure of Long-Short Term Memory Network

Source: Author’s drawing based on Jason Brownlee (2017).

LSTM network has different models to address different forecasting cases. Researchers can
choose the best model according to the aim of the study and the structures of the data. The most
common types of LSTM architecture are Vanilla LSTMs, Stacked LSTMs, CNN LSTMs, Encoder-
Decoder LSTMs, Bidirectional LSTMs, and the Generative LSTMs. Each of these models has a
particular structure with layers, input, and output features. In our model, we use Vanilla LSTMs

which is the most general form of LSTM network.

4.2.1. Vanilla LSTMs

Vanilla LSTMs have a simple structure rather than other complicated LSTM models. It has
the input layer, fully connected hidden layer, and fully connected output layer. It gives successful
results in small sequence forecasting problems mostly. Vanilla LSTMs can classify sequence
depending on the multiple distributed input time steps, from thousands of time steps, filters the most
relevant inputs, and memorize them. Has the ability to predict the next sequence as a function of

previous time steps.
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The graphical and functional architecture of a Vanilla LSTMs:

Output

Dense

— Fully connected hidden layer

LSTM

Input

Figure 4.2. Structure of Vanilla LSTMs
Source: Drawn by authors
The Functional State of Vanilla LSTMs:
ip=0W;-hey +Vix;+ P Coq + by) (@)
Where i, is the input gate at time t, o is the sigmoid activation function of the input gates
with the output range between [0, 1]. W; is the weight matrices of the input gates and multiplied with
the previous hidden state of the cell h,_,. V; Expresses the weight matrices of the current input of the

cell and multiplied by the input x; at time step t. P; represents the weight matrices of input and

multiplied by the previous cell state C;_. b; is the bias vector.
Ot=U(WO'ht_1+V0'xt+P0'Ct+b0) (b)

Where o, describes the output gate vectors. In this layer, the previous hidden state h;_; is
multiplied by the weight matrices of the output gate. V; and P, denote the weight matrices of the
current input and output gates, respectively. The weight matrices of the output gates multiplied by the

current cell state C; rather than the previous one as in the function (a) and bias vectors b, are added.

ft :O-(Wf'ht_l+Vf'xt+pf'ct_1+bf) (C)
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f+ represents the forget gate vectors. Forget gate decides which data from the previous step
will be used in the next step and which will be forgotten in this gate. The results from the forget gate
are between 0 and 1. “0” means the data have been forgotten and “1” means the data have been
selected for use in the next step. Forget gate can be thinking as a filtration system of the LSTM layers.
Other parameters are namely same as the other parameters mentioned above and are only performing

in the forget gate.
Ce = tanh(W, * hy_q + V;* ¢ + b) (d)

The candidate cell state C, combines the filtered information that comes from the forget gate
with the input gate to set up the new cell state. This cell state passes through a hyperbolic tangent

activation function and resulted in the value between (-1,1).
Ct:itQEt'i'ft@Ct—l (e)

C; is the current cell state (Long term memory) and C._; is the previous cell state. Cell state
takes updated information from the input gate in each time step and gives the output of the hidden
state. This hidden state output diversifies into an output for the current time step and a hidden state for

the next time step. The cell state is renewed in each time step as the feature vector of the current input.
hy = 0y © tanh(Cy) D)
Z, = h, (h)

Here h; is the output (Short term memory) of the memory cell at time t which goes to both
the output layer and hidden layer in the next time step. This gate aims to separate the final memory
from the hidden state. C; includes lots of information that are not useful to be kept in a hidden state.
Therefore, the output gate decides which information coming from C, will be forwarded to the hidden

state h; with the point-wise multiplication of o, and tanh of the C;.

In the LSTM network, the output Z; is equal to the hidden state h, .

4.3. NARX Neural Network

The nonlinear AutoRegressive exogenous inputs (NARX) recurrent neural network model
was implemented by Lin et al. (1996) to address the long-term dependencies problem in gradient-
descent learning. The most important feature of NARX is that it uses tapped delay feedback for the
output and by doing this; it outperforms other neural network architectures with only single or without

output delays. NARX network is less sensitive to vanishing gradient and long-term dependencies
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problems and able to predict nonlinear time series much more efficiently and robustly than a

conventional recurrent neural network Siegelmann et al. (1997).

The algebraic state of NARX is:
y(t) = f[u(t — D), ..u(t — 1),u(t),y(t — Dy), o, y(t — 1)] + & (D

Where u(t) and y(t) are the input and output of the network at time t, respectively. D, and

Dy, represent the input and output order. & is the error term between the actual and predicted values.

According to the input variable (t), the hidden layer output at time t can be obtained as:
Dy Dy
() = fi| Y wiu(t =)+ ) iyt =D + @
r=0 =1

Where w;,. is the connection weight between the input neuron u(t — r) and i" hidden neuron.
wy; IS the connection weight between the ith hidden neuron and output feedback neuron y(t —1). a; is

the bias of the ith hidden neuron and f; is the hidden layer activation function.

The final estimation can be calculated with the combination of hidden layer output:
Nh
9@ = | ) wiHi(©) + b ©)
i=1

Where w;;

ji Is the connection weight between the ith hidden neuron and jth predicted

output ny,. b; is the basis of the jth predicted output. n;, is the number of hidden neurons and f, is the

output layer activation function.
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Source: Drawn by the Author.

4.4. Implementation of the Models
To implement the LSTM and NARX neural network to the data set, we used the 4.2.5

version of Spyder deep learning framework of Python programming language. In this section, we will
introduce the implementation process, data preparation, batch size, epoch size, and other associated

manipulations applied in this study.

4.4.1. Data Preprocessing

o Min-Max Feature Scaling
Before running the program, we normalize the data using min-max feature scaling. Since the

variables are measured at different scales, they will not contribute to the model equally and might
cause a bias problem. Therefore, a suitable normalization makes the training process more efficient
and robust. In the min-max scaling method, all input and output variables are scaled to the range [0,1]
which means that the new minimum and maximum values of a variable are going to be 0 and 1,

respectively.
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The formulation of Min-Max Scaler:

X—X,,;
Xscated = X == (D),

max ~ Xmin

o Dataset Splitting

According to the estimation logic of machine learning, the algorithm learns from a part of
data and trains itself to give an estimation, and then uses the rest of the part of data to test the accuracy
of the performance. We split 80% of the dataset as a train set and 20% of it as a test set to evaluate the

forecasting performance of the algorithm.

Dataset
<€ >
% 20 %
Training Set Test Set

Source: Drawn by the author.

4.4.2. Hyper-parameter Setting

Hyper-parameters are different from the model parameters. “Hyper” refers to the top-level
here and hyper-parameters are the parameters that control the learning process of the algorithm.
Defining the optimal size of hyper-parameters is crucial to the forecasting result. The algorithm uses
the value of the hyper-parameters and gives a direction to the training procedure. Our LSTM and
NARX neural network require an optimal batch size, an optimal number of epochs, the value of
learning rate, and the number of hidden layers. Below are the short definitions and values we used in

the training.

J Batch Size

Batch size is the number of training samples that will be propagated in each epoch of the
network. The most preferred batch size is 32 in general. It means that the algorithm takes the first 32
samples in the training set and trains them in the first round of the learning process. After this training,
the algorithm will take the next 32 samples and train them accordingly. This loop will be repeated

until all samples in the training set run out.

22



The batch size can take the value between 1 and the total dataset, however, in our model, we
defined 3 different batch sizes to see the best result from the training. We have 360 observations in
total and 80% of them, which corresponds to 288 samples, are used for training. Our batch size is 16,
32, and 64 separately. The algorithm will run the program according to these three batch sizes and we
will see three forecasting results from each learning in the empirical finding section. We aimed to

decide the best batch size of our sample data by doing this separation.

o Number of Epochs

The number of epochs determines the number of times that algorithm passes through the
entire training dataset. An epoch is made by one or many batches. The learning algorithm runs as
many times as the number of epochs and continuous running until the error terms have been decreased
to the minimum level. According to the size of our observations, we defined the number of epochs as
200. It means the entire training set will loop 200 times with the samples, which is defined by the
batch size. During the testing, we tried epochs with 100 and 200 to see the difference between them.

In the end, the best outcome has been observed with the 200 numbers of epochs.

J Learning Rate A

The learning rate decides how fast the model learns the problem. We determined four
learning rates for the training. They are 0.0001, 0.0003, 0.001, and 0.003 respectively. A lower
learning rate needs more training epochs while a higher learning rate requires fewer epochs. We used
both low and high learning rates to evaluate the response of the model to the corresponding learning

rate with 200 epochs.

4.4.3. Hidden Layers & Dense Layer

The hidden layer stands between the input and output layers as shown in figures 1.2 and
figure 1.3. In the hidden layer, there is a set of mathematical operations conducted which use the
activation function and transmit the weighted input to the output layer. In this study, the LSTM and

NARX hidden layers run with 50 memory cells.
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S. EMPIRICAL FINDINGS

We obtained 12 combinations concerning four learning rates and three epoch sizes for each
country. The calculation results of LSTMs and NARX have been discussed in this section according to
the root mean square error (RMSE), the mean absolute error (MAE), and the R-square values of
countries shown in table 5.1 and table 5.2. The distribution of the estimated loss of two models has

been illustrated in figures A.1-A.20 in the Appendix section.

As a whole, the LSTM network outperforms NARX for Finland, France, Italy, and Portugal
while NARX captures better accuracy for Austria, Belgium, Germany, Spain, and Ireland. Both
models give similar estimation results for the Netherland. Specifically, For Austria, the best prediction
result is obtained by employing 16 batch size and 0.001 learning rate in NARX, where RMSE and
MAE are predicted as 0.0044 and 0.0293 respectively with 0.7582 R-square. For Belgium, the best
prediction result is also observed by employing 16 batch size and 0.001 learning rate in NARX, where
RMSE and MAE are predicted as 0.0004 and 0.0144 respectively with 0.8956 R-square. For Germany,
the best prediction accuracy is obtained by employing 16 batch sizes and a 0.003 learning rate in
NARX, where RMSE and MAE are predicted as 0.0005 and 0.0173 respectively with 0.8845 R-
square. For Spain, the highest prediction accuracy is obtained by employing 32 batch sizes and a 0.001
learning rate in NARX, where RMSE and MAE are predicted as 0.0010 and 0.0238 respectively with
0.6416 R-square. We did not encounter any abnormal distribution or outlier in Spain’s dataset.
However, we cannot say the estimation result of both LSTM and NARX are successful in the model
because 0.6416 is not a desirable value of R-square. The reason behind this could be the unique
economic infrastructure of Spain’s economy. For Spain economic growth, different analyses may be
conducted, or the model could be improved by including more explanatory variables which better
reflect the structure of Spain’s economy. For Finland, the best prediction accuracy is obtained by
employing 32 batch sizes and a 0.001 learning rate in LSTM, where RMSE and MAE are predicted as
0.0002 and 0.0105 respectively with 0.9432 R-square. We obtained the highest estimation for France
in LSTM by employing 16 batch sizes and a 0.0003 learning rate, where RMSE and MAE are
predicted as 0.000517 and 0.017 respectively with 0.9706 R-square. For Ireland, the best prediction
result is observed by employing 32 batch sizes and a 0.003 learning rate in NARX, where RMSE and
MAE are predicted as 0.0012 and 0.0192 respectively with 0.8968 R-square. For Italy, the best
accuracy occurred in LSTM with 16 batch size and 0.001 learning rate, where RMSE and MAE are
predicted as 0.0005 and 0.0171 respectively with 0.9159 R-square.
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For the Netherland, both LSTM and NARX showed similar performance when looking at the
R-square values, which are 0.88904 and 0.8818 respectively. However, the corresponding batch sizes
and learning rates differ from the corresponding RMSE and MAE. In LSTM, the best result occurs in
64 batch sizes and 0.001 learning rate with 0.0005 RMSE and 0.0143 MAE. In NARX, the best result
occurs in 16 batch sizes and 0.0003 learning rates with 0.0005 RMSE and 0.0133 MAE. Finally, for
Portugal, LSTM outperforms NARX by employing 64 batch sizes and a 0.003 learning rate, where
RMSE and MAE are predicted as 0.0071 and 0.0351 respectively with 0.8206 R-square.
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Table 5.1. The Estimation Results of LSTM network

Australia Belgium Germany Spain Finland
B:itzih A RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 MSE MAE R2 MSE MAE R2
16 0.0001 0.0093 0.0733 0.4828 0.0061 0.0680 -0.6871 0.0036 0.0415 0.1854 0.0025 0.0409  0.1502 0.0021 0.0382 0.2896
16 0.0003 0.0060 0.0436 0.6665 0.0005 0.0160 0.8641 0.0011 0.0260 0.7583 0.0023 0.0398 0.2067 0.0005 0.0199 0.8208
16 0.001 0.0045 0.0284 0.7521 0.0074 0.0738 -1.0396 0.0009 0.0224 0.7927 0.0019 0.0355 0.3569 0.0005 0.0188 0.8413
16 0.003 0.0051 0.0398 0.7156 0.0040 0.0494 -0.1141 0.0009 0.0208 0.7936 0.0116 0.0979 -3.0120 0.0011 0.0285 0.6389
32 0.0001 0.0184 0.1054 -0.0162 0.0076 0.0810 -1.0856 0.0067 0.0615 -0.5270 0.0036 0.0492 -0.2443 0.0028 0.04438 0.0638
32 0.0003 0.0093 0.0663 0.4863 0.0040 0.0565 -0.1175 0.0010 0.0219 0.7784 0.0018 0.0327 0.3840 0.0014 0.0315 0.5472
32 0.001 0.0049 0.0350 0.7285 0.0010 0.0227 0.7206 0.0008 0.0229 0.8074 0.0020 0.0403 0.3006 0.0002 0.0105 0.9432
32 0.003 0.0051 0.0372 0.7201 0.0012 0.0289 0.6646 0.0009 0.0239 0.7867 0.0018 0.0345 0.3962 0.0003 0.0124 0.9143
64 0.0001 0.0200 0.1114 -0.1042 0.0017 0.0328 0.5204 0.0094 0.0707 -1.1399 0.0045 0.0547 -0.5669 0.0076 0.0811 -1.5393
64 0.0003 0.0224 0.1124 -0.2389 0.0138 0.1061 -2.8010 0.0044 0.0462 -0.0115 0.0039 0.0510 -0.3292 0.0017 0.0340 0.4275
64 0.001 0.0065 0.0465 0.6419 0.0004 0.0153 0.8778 0.0011 0.0290 0.7396 0.0050 0.0604 -0.7138 0.0003 0.0151 0.8951
64 0.003 0.0053 0.0429 0.7062 0.0006 0.0172 0.8403 0.0008 0.0235 0.8257 0.0015 0.0348 0.4683 0.0009 0.0282 0.7155
France Ireland Italy The Netherland Portugal
Bsaitz‘;h A MSE MAE R2 MSE MAE R2 MSE MAE R2 MSE MAE R2 MSE MAE  R2
16 0.0001 0.0067 0.0585 0.62133 0.0059 0.0680 0.5072 0.0022 0.0375 0.6095 0.0020 0.033 0.5762 0.0247 0.1178 0.3754
16 0.0003 0.0005 0.0167 0.97063 0.0024 0.0377 0.7977 0.0010 0.0248 0.8268 0.000668 0.019 0.855 0.0099 0.0518 0.7502
16 0.001 0.0019 0.0314 0.89249 0.0055 0.0650 0.5479 0.0005 0.0171 0.9159 0.004164 0.063 0.0968 0.0084 0.0519 0.7877
16 0.003 0.0021 0.0313 0.87989 0.0050 0.0577 0.5823 0.0057 0.0706 0.0034 0.004383 0.06 0.0492 0.0105 0.0764 0.7342
32 0.0001 0.0055 0.0608 0.68755 0.0105 0.0928 0.1289 0.0115 0.0960 -1.014 0.0040 0.057 0.1239 0.0399 0.1596 -0.006
32 0.0003 0.0036 0.0453 0.79707 0.0046 0.0600 0.6174 0.0012 0.0259 0.79 0.001588 0.034 0.6556 0.0139 0.0833 0.6497
32 0.001 0.0008 0.0219 0.95258 0.0021 0.0353 0.8286 0.0012 0.0266 0.7944 0.000586 0.013 0.8729 0.0095 0.0506 0.7595
32 0.003 0.0028 0.0357 0.84142 0.0029 0.0431 0.7558 0.0007 0.0203 0.8762 0.000684 0.015 0.8516 0.0078 0.0405 0.8026
64 0.0001 0.0147 0.0947 0.16509 0.0147 0.1115 -0.218 0.0068 0.0761 -0.189 0.006537 0.075 -0.418 0.0371 0.1495 0.0639
64 0.0003 0.0093 0.0741 0.47039 0.0075 0.0821 0.3784 0.0024 0.0342 0.5894 0.001173 0.028 0.7455 0.0282 0.1326 0.2873
64 0.001 0.0013 0.0277 0.92604 0.0020 0.0334 0.8363 0.0014 0.0313 0.7502 0.000512 0.014 0.889 0.0098 0.0583 0.7526
64 0.003 0.0008 0.0227  0.95479 | 0.0021 0.0359 0.8269 0.0014 0.0319 0.7589 | 0.001186  0.024 0.7428 | 0.0071 0.0351 0.8206

26



Table 5.2. The Estimation Result of NARX Network

Australia Belgium Germany Spain Finland

SBiazteCh A RMSE MAE R RMSE MAE R’ RMSE MAE R2 RMSE MAE R’ RMSE MAE R
16 0.0001 0.0077 0.0515  0.5726 0.0021 0.0338  0.4210 | 0.0061 0.0435 -0.3870 0.0038 0.0477  -0.3140 0.0015 0.0308  0.4872
16 0.0003 0.0058 0.0297  0.6802 0.0013 0.0230  0.6480 | 0.0013 0.0280 0.7114 0.0020 0.0336  0.2967 0.0006 0.0184  0.7883
16 0.001 0.0044 0.0293 0.7582 | 0.0004 0.0144 0.8956 | 0.0014 0.0293 0.6742 0.0016 0.0302  0.4623 0.0003 0.0125  0.9062
16 0.003 0.0114 0.0842  0.3717 0.0044 0.0592 -0.2209 | 0.0005 0.0173 0.8845 0.0012 0.0277  0.5902 0.0023 0.0433  0.2456
32 0.0001 0.0145 0.0919  0.1988 0.0041 0.0546  -0.1452 | 0.0025 0.0340 0.4268 0.0059 0.0669  -1.0422 0.0048 0.0555  -0.6116
32 0.0003 0.0080 0.0616  0.5560 0.0008 0.0186  0.7927 | 0.0037 0.0437 0.1520 0.0029 0.0383  -0.0064 0.0006 0.0205  0.8147
32 0.001 0.0049 0.0287  0.7282 0.0008 0.0182  0.7705 | 0.0019 0.0355 0.5735 0.0010 0.0238 0.6416 0.0005 0.0160  0.8474
32 0.003 0.0073 0.0546  0.5964 0.0007 0.0168  0.8031 | 0.0024 0.0466 0.4559 0.0010 0.0276  0.6398 0.0003 0.0141 0.9063
64 0.0001 0.0355 0.1427  -0.9664 0.0189 0.1154  -4.2072 | 0.0159 0.0830 -2.6255 0.0077 0.0654  -1.6674 0.0060 0.0597  -1.0092
64 0.0003 0.0064 0.0506  0.6437 0.0218 0.1223  -5.0170 | 0.0112 0.0800 -1.5521 0.0114 0.0883  -2.9387 0.0032 0.0396  -0.0694
64 0.001 0.0182 0.0970  -0.0052 0.0006 0.0158  0.8391 | 0.0005 0.0158 0.8752 0.0015 0.0300  0.4948 0.0008 0.0212  0.7448
64 0.003 0.0053 0.0225  0.7072 0.0019 0.0240  0.4771 | 0.0011 0.0249 0.7577 0.0014 0.0219  0.5317 0.0003 0.0124  0.9046

France Ireland Italy The Netherland Portugal

B;:Zh A RMSE MAE R RMSE MAE R2 RMSE MAE R’ RMSE MAE R’ RMSE MAE R’
16 0.0001 0.0145 0.0865 0.1747 0.0056  0.0513 0.5319 0.0089 0.0769 -0.5579 0.0061 0.0672 -0.3242 0.0157 0.0849 0.6049
16 0.0003 0.0039 0.0329 0.7805 0.0036  0.0355 0.6999 0.0117 0.0576 -1.0378 0.0005 0.0133 0.8818 0.0101 0.0493 0.7464
16 0.001 0.0028 0.0461 0.8426 0.0049  0.0641 0.5967 0.0009 0.0216 0.8407 0.0015 0.0178 0.6659 0.0102 0.0466 0.7425
16 0.003 0.0012 0.0230 0.9303 0.0068  0.0699 0.4387 0.0009 0.0251 0.8516 0.0029 0.0452 0.3784 0.0097 0.0575 0.7540
32 0.0001 0.0282 0.1206 -0.6000 0.0034  0.0479 0.7144 0.0066 0.0566 -0.1591 0.0031 0.0499 0.3250 0.0277 0.1119 0.2998
32 0.0003 0.0057 0.0518 0.6749 0.0204  0.1154  -0.6913 0.0037 0.0402 0.3607 0.0017 0.0301 0.6221 0.0109 0.0759 0.7240
32 0.001 0.0014 0.0210 0.9181 0.0040  0.0409 0.6707 0.0030 0.0335 0.4798 0.0290 0.1666 -5.3007 0.0087 0.0404 0.7797
32 0.003 0.0009 0.0219 0.9485 0.0012 0.0192 0.8968 0.0006 0.0175 0.8967 0.0007 0.0147 0.8480 0.0096 0.0600 0.7572
64 0.0001 0.0370 0.1788 -1.1031 0.0719  0.2148  -4.9599 0.0118 0.0790 -1.0594 0.0040 0.0405 0.1274 0.0340 0.1514 0.1412
64 0.0003 0.0104 0.0891 0.4119 0.0134  0.0728  -0.1078 0.0080 0.0748 -0.4032 0.0019 0.0273 0.5958 0.0242 0.1192 0.3887
64 0.001 0.0052 0.0506 0.7055 0.0093  0.0752 0.2287 0.0024 0.0312 0.5798 0.0008 0.0129 0.8370 0.0076 0.0312 0.8077
64 0.003 0.0012 0.0219 0.9303 0.0018  0.0280  0.8521 0.0014 0.0223 0.7566 0.0008 0.0152 0.8343 0.0089 0.0586 0.7759

Source: Estimated by the author.
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In this study, estimation of the feature importance is also included in the model. Feature
importance indicates how a variable contributes to the model estimation either negatively or
positively. Feature importance is measured by Shapley Additive exPlanations (SHAP) value, which is
developed by Lundberg and Lee (2017). A positive SHAP value represents a positive impact and a
negative SHAP value represents the negative impact of a variable on the prediction. SHAP value gives
us not only the strength of the contribution but also gives the direction of the impact. The estimation

results are shown in figure 5.3 and figure A.21 — A.30 in the Appendix section.

Figure 5.3 depicts the directional impact of each variable on the prediction by country. The
X-axis is the SHAP value and Y-axis has all the variables. Each dot on the figure represents one
SHAP value for the prediction and variable. Blue dots mean a lower value and pink dots indicate a
higher value of a variable. As a whole, the distribution of the blue and pink dots gives us the
directional impacts of a feature. For Austria’s GDP growth, government spending and long-term
interest rate have the highest impacts and the exchange rate has the smallest contribution to the
prediction. Moreover, government spending, current account, and inflation are negatively correlated
with GDP growth as the pink dots are distributed on the negative side of the X-axis. The
unemployment rate contributes positively to the prediction. The distribution of long-term interest rate,
consumer confidence index, and short-term interest rate have negatively low impacts on the GDP
growth prediction, but the strengthens of the long-term interest rate is higher than the other two
variables. Rests of the variables have a smaller contribution to the prediction because the distribution
of dots of them piled up around the zero value of the x-axis. For Belgium's GDP growth, the
unemployment rate has a negative but strong impact on the prediction while composite leading
indicators have a strong and positive contribution to the prediction. Other variables seemed to

contribute less to the estimation because of the accumulated distribution of the dots around zero value.

For Germany's GDP growth, the composite leading indicator, the short-term interest rate,
and unemployment rate have a negative impact on the model, and inflation, government spending, and
long-term interest rate have a positive impact. Besides, investment and current account balance are
highly and negatively correlated with GDP growth. The rest of the variables has a small impact on the
prediction. For Spain's GDP growth, consumer confidence index, long-term, and short-term interest
rates are the most important features and correlated negatively to the model. For Finland’s GDP
growth, the unemployment rate is the most critical feature for the prediction, and this impact is
followed by the consumer confidence index and current account. For France's GDP growth, the most

critical features for the prediction are investment and inflation. Long-term interest rate and
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unemployment rate negatively correlated to France’s GDP growth. Short-term interest rate, current
account, composite leading indicators, government spending, and exchange rate have a relatively small
impact on the prediction. In Ireland's GDP growth prediction, the current account plays the most
critical role with a highly and positively correlated distribution. The investment and consumer
confidence index follows the current account also with a high and positive impact. The long-term
interest rate seems negatively attributed to the prediction. The rest of the variables contribute less
despite the intensities nodding around the zero value of the x-axis. In the estimation of Italy’s GDP
growth, investment ranked at the top with a high but negative impact. Composite leading indicators
ranked in second order with a low but positive impact on the prediction. The rest of the variables do
not seem to have a noteworthy impact however we obtained a high R-square score in both LSTM and
NARX estimation for Italy. The Netherlands’ GDP growth, consumer confidence index, inflation,
short-term interest rate, unemployment, and current account balance contribute to the prediction of
high ranks. Composite leading indicators, long-term interest rate, government spending, investment,
and exchange rate contribute less to the estimation. Finally, for Portugal’'s GDP growth, long-term
interest rate, consumer confidence index, and short- term interest rate, and composite leading indicator
take place on the top which as the most relevant features for the prediction, the rest of the variables

contribute to the estimation slightly.

The features are ordered by how much the model prediction is influenced by them in Figure
A.23-A.30 in the appendix section. The x-axis represents the average of the absolute SHAP value of
each feature. For example, for Austria’s GDP prediction, government spending is the most important
feature and is followed by long-term interest rate, unemployment, composite leading indicators,
consumer confidence index, and so on. The importance of the variables is varying for each country in
our study, this may be caused by the differences in the demographic and economic infrastructure of the
countries. Despite the distinction in results, we observed some general outcomes from the prediction.
For eight countries, the exchange rate takes position in the 10th order, and for two countries, it states
in the 7th order. We evaluated this as all the countries are using the common currency unit Euro in the
area, therefore the exchange rate indexed with their local currencies has a very small impact on the

GDP prediction.
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Figure 5.1: The Feature Importance for EA Countries
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6. CONCLUSION

In this study, we have aimed to forecast the GDP growth of 10 EA countries by employing two
latest artificial neural network methods, which are LSTM and NARX neural networks. These two
models can define a long-term, nonlinear, and complex relationship between dependent and
independent variables. We employed LSTM and NARX in our dataset separately and obtained
different results according to the size of the selected parameters. We worked with the 30 years of
OECD monthly data from 1990 to 2020. We used 288 observations for training the model and used 72
observations for testing the forecasting result. The highest test result was obtained in LSTM for
Finland, France, Italy, and Portugal. We observed higher accuracies in NARX for Austria, Belgium,
Germany, Spain, and Ireland. Both techniques predicted the Netherlands' GDP growth similarly. We
also interpreted the SHAP value, which is demonstrating the contribution of each explanatory variable
to the forecasting. We observed that government spending, long-term and short-term interest rate,
inflation, consumer confidence index, composite leading indicator, unemployment, and current
account balance contributed differently to the estimates for each country, only the exchange rate shows
almost no effect on the GDP forecast of the 10 countries. The reason lies in the fact that all EA
countries are using Euro as local currency. In the global monetary market, Euro has a strong
purchasing power, and this makes EA countries to be independent in currency and not to be affected

much by exchange rate fluctuations.

As political implications, we will suggest different strategies for each country due to the
different test results of them. As in the study of Chung and Tung (1995), the forecasting results of
LSTM and NARX are not the same for countries. Therefore, it is hard to select only one model or
recommend only one neural network as the best model. We agree with Banerjee et al. (2005) in
selecting the leading indicator. As they mentioned in their study, the economic leading indicator of a
country is changing over time. In our model, the level of importance of each variable is not the same
for countries. For Austria, it can be suggested that government spending may be adjusted to a certain
amount as government spending plays a crucial role in the country’s GDP growth according to our
result. For Belgium and Finland, it seems unemployment and composite leading indicator affect the
growth mostly. Therefore, the government may act on reducing unemployment and inflation policies.
For the German economy, composite leading indicator and short-term interest rate seem the most
important two factors. In this case, stability of the business cycle and incentive short-term interest rate

policy may support the country’s economic growth. For Spain and the Netherland economy, the
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consumer confidence index is at the top, which means that consumer attitude and behavior play a
critical role in the country’s economy. In these two countries, policies such as fiscal policy, tax rate,
and government spending can be followed to increase consumer confidence (Omohundro, 2017). For
France and Italy, it can be suggested that the government may take actions to encourage investment.
Low interest and tax rates, creating a reliable investment atmosphere can be helpful in GDP growth. In
Ireland’s GDP growth forecasting, the current account balance stays on top as the most contributed
variable to the model, therefore the balance between imports and export is noteworthy in Ireland. For
Portugal, the interest rate in both the long and short run is critical for the economy, besides, consumer

confidence is another main factor in GDP growth in Portugal.

Countries’ economies have been hit hard by the covid-19 outbreak significantly and the effects
of the pandemic are continuing. The war in Ukraine also triggers a prospective food crisis and the
world seems to be faced with a serious supply shortage of food products. Since economic growth is a
consequence of political decisions, economic and social activities, and internal and external balances,
it may be difficult to predict growth for the upcoming period. Even World Bank and IMF have
changed their growth prediction several times for 2022. Unexpected external shocks have commuted
the path of economic growth; therefore, traditional growth theory and existing literature may not be
sufficient to forecast the growth of the new world. Federal Reserve Bank, Bank of England, and
European Central Bank also failed to predict leading parameters of growth. In further studies, new
methods may be developed or dummy variables representing shocks such as war or unexpected crises

can be included in the model.
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APPENDIX

Figure A.1: The Estimated Loss for Austria in LSTM
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Figure A.2: The Estimated Loss for Belgium in LSTM
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Figure A.3: The Estimated Loss for Germany in LSTM
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Figure A.4: The Estimated Loss for Spain in LSTM
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Figure A.5: The Estimated Loss for Finland in LSTM
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Figure A.6: The Estimated Loss for France in LSTM
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Figure A.7: The Estimated Loss for Ireland in LSTM
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Figure A.8: The Estimated Loss for Italy in LSTM
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Figure A.9: The Estimated Loss for the Netherland in LSTM
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Figure A.10: The Estimated Loss for Portugal in LSTM
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Figure A.11: The Estimated Loss for Austria in NARX
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Figure A.12: The Estimated Loss for Belgium in NARX
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Figure A.13: The Estimated Loss for Germany in NARX
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Figure A.14: The Estimated Loss for Spain in NARX
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Figure A.15: The Estimated Loss for Finland in NARX
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Figure A.16: The Estimated Loss for France in NARX
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Figure A.17: The Estimated Loss for Ireland in NARX
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Figure A.18: The Estimated Loss for Italy in NARX
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Figure A.19: The Estimated Loss for the Netherland in NARX
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Figure A.20: The Estimated Loss for Portugal in NARX
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Figure A.21: SHAP Value for Austria in Feature Importance
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Figure A.23: SHAP Value for Germany in Feature Importance
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Figure A.25: SHAP Value for Finland in Feature Importance
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Figure A.22: SHAP Value for Belgium in Feature Importance
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Figure A.24: SHAP Value for Spain in Feature Importance
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Figure A.26: SHAP Value for France in Feature Importance
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Figure A.27: SHAP Value for Ireland in Feature Importance
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Figure A.29: SHAP Value for the Netherlands in Feature

Importance
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Figure A.28: SHAP Value for Italy in Feature Importance
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Figure A.30: SHAP Value for Portugal in Feature

Importance
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