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Abstract 

 
During the last years, neural network becomes one of the instruments used in modelling and forecasting the 

GDP.  

This article provides an interesting parallel between neural network back-propagation and the regression 

models. The GDP in emergence economies like Romania is strongly affected in positive and negative manner by 

some non-linear factors,  such as exports, fiscal policy, agriculture, constructions, retail, etc and this is the main 

reason of using artificial intelligence to catch as accurate as possible the GDP fluctuations. But the maximum 

potential of neural network will be seen only together with the econometrics techniques. For both the testing 

and validation, the correlation between actual data and the predictors proved to be greater than 0.95 when 

using neural packages implemented in MATLAB.  

In conclusion neural networks constitutes an extremely powerfully instrument which has to be included in tool-

box of any researcher in the process of GDP modelling and forecasting. 
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1. Some macro introduction  

Last year we saw a strong growth (3.5%, the 

second fastest in EU28 after Latvia) but it was 

exclusively driven by external demand. This year 

had been expected to show an improvement in 

structure as domestic demand was to enjoy the 

benefits of lower inflation, lower funding cost, 

slightly improved confidence and maybe even 

some election related spending, while exports were 

to be supported by a euro area that had returned to 

growth. However, the recovery in domestic 

demand has been affected by unexplainably cut 

public expenditures and volatile taxes. Moreover, 

there are signs that private consumption and net 

exports, the only growth drivers, will start to 

decline over the coming quarters while monetary 

support has already been consumed. The good 

news are about the EU funds absorption which are 

also showing signs of  zigzag evolution; the last 

year’s performance was largely a payback after a 

number of programs were frozen in 2012-

2013.With this in mind, it is unlikely that the 

growth picture will see any material improvements 

in the near future and this is concerning since the 

starting point is not so generous: Romania had a 

sequential contraction in both Q12014 and Q22014 

followed by a recovery in Q32014 of 1.8% and 

0.5% in Q42014. 

With a new government very likely this 

year, a return of fiscal consolidation after two years 

of pause, higher US dollar rates, continued 

geopolitical uncertainty and less monetary support 

in the pipeline, Romania’s near term outlook is 

definitely less good. 

 

2. Tactical approaches in GDP prediction: 

econometrics vs. artificial intelligence 

The aim of this paper is to presents the usage of 

neural networks to model processes where linear 

functions fail to get accurate the economic 

phenomena. A linear relationship between a 

dependent variable and some independent inputs 

involves a constant rate of changes. For example, 

sales in a shopping centre are directly influenced 

by the increasing proportion of income buyers who 

lives in that area. But most of economic time series 

such as inflation index, GDP and a number of 

social phenomena show behaviour that exceeds the 

"linearity" in independent variables. The next 

logical step would be to use polynomial models 

when graphics shows a non-linear relation between 

the effect variable and the cause variables. In case 

of not possible to evaluate graphically the relation 

cause-effect then some statistical tests like Fisher, 

Student are used to accept or reject the model and 

also to his parameters. Actually the following four 

hypotheses impose limitation on most of the 

econometrics models. 

H1: The errors of the model follow a Gaussian 

repartition 

The assumption of normality is only 

required for significance tests and confidence 

intervals in estimating the parameters. The tests 

Fisher, Student and 𝜒2 requires that data sample 

extracted from the general population to be normal. 

The impact of non-normality of least squares 

depends on the degree of departure from normality 

and the types of model used. The estimation is not 

affected by the presence of non-normality 

hypothesis: the estimators obtained by the least 

squares are still the most good (in the sense of 

unbiased) estimators if the hypothesis H2-H4 are 

met. If H1 is not valid then in general probabilities 

associated with the significance tests for model and 

parameters will not be accurate and as affect the 

estimation of confidence intervals seems most 

affected by the fact that the two tails of the 

Gaussian function will not symmetrically assigned 

the same probability.  

H2: The variation of the model is homogeneous  

In LS we assume that each observation of 

the dependent variable contains the same amount of 

information and as consequences each of these has 

the same importance or weight. Heterogenic 

variation means that some observations contain 

much information than others in sense of 

explaining the model. The direct impact of not 

taking into consideration of this hypothesis is 

losing the accuracy of estimators. Most of the time, 

the same causes which determine a model with 

non-normal distribution of errors will also impact 

on heterogeneous variation as in most of the cases 

the variances strongly is related with the mean of 

distribution. 

min 𝑆 =  ∑ 𝑤𝑖𝑖𝑟𝑖
2

𝑛

𝑖=1

 

𝑤𝑖𝑖 =  
1

𝛿𝑖
2  

∑ 𝑤𝑖𝑖

𝜕𝑓(𝑥𝑖 , 𝛽)

𝜕𝛽𝑗

 

𝑛

𝑖=1

𝑟𝑖 = 0, 𝑗 = 1, … , 𝑚 

∑ ∑ 𝑥𝑖𝑗

𝑚

𝑘=1

𝑛

𝑖=1

𝑤𝑖𝑖𝑥𝑖𝑘𝛽�̂� = ∑ 𝑥𝑖𝑗

𝑛

𝑖=1
𝑤𝑖𝑖𝑦𝑖   

 

If the errors are not correlated and the matrix of 

weights W is diagonal then we shall have: 

(𝑋𝑡  𝑊 𝑋 )�̂� =  𝑋𝑡  𝑊 𝑌 

 

H3: The model we chose is adequate  

The estimators determined by least 

squares are unbiased if and only if the model we 

have chosen is adequate. For example if an 

independent variable is omitted from the model 

(desired or not) then the removed estimator is 

equally to the population variance (Fuller) and the 

variables of the model are biased (excepting the 

situation when the variable omitted is collinear 

with the rest of the variables in model). On the 
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other hand, many non-linear models can be made 

linear using some transformations (e.g. Taylor, 

techniques of factorization) and the linear model 

obtained will be a satisfactory approximation over 

some closed interval. In case the approximation is 

not adequate, the results of LS will generate 

estimators as in case we missed a variable in the 

model. Identifying the proper model depends 

mainly on two factors: how complicated is the 

process and the amount of information available on 

the system. The variance of the model must be 

compared with the estimator of the dispersion of 

population (if this is known) and this will be the 

criteria for identifying the term which must be 

included in model. 

H4: The variables of the model are non-collinear 

 This is one of the most important hypotheses in 

econometrics when LS method is applied. We 

know that solution of un-biased estimators is given 

by: 

 β̂ = (𝑋𝑡 𝑋)−1  𝑋𝑡  𝑌   

Ŷ = X β̂ 

In case of two variables of the model are 

collinear then the matrix product (𝑋𝑡 𝑋) will not 

admit inverse. And even the correlation is not 1 

between two of any variables like 𝑋𝑖 and 𝑋𝑗 then 

the estimators  β̂  might be also instable in sense of 

a small modification into one factor will 

dramatically change the output. Actually there are 

some techniques to avoid this effect: the Gram-

Schmidt ortho-normalisation process, or the 

method of principal components. So, even in the 

formation of GDP there are few hundreds of items, 

practically the variation of national output might be 

explained with the help of the following indicators: 

gross capital formation, unemployment rate and 

exports which explain more than 80% of the output 

variance. 

2.1 Neural networks: the best we have in 

machine learning 

 Due to all these four major limitations 

imposed by the econometric techniques, we must 

think to a complementary approach in order to 

improve the quality of the predictors. We need an 

algorithm which is not thwarted into so many 

hypotheses4 (Ke-Lyn et al, 2014). So we are going 

to discuss over an algorithm which has raised most 

of the debates in AI both in academic and industry 

since it has been promoted: the back-propagation 

algorithm. At the end of the last century it has been 

considered that this learning algorithm represents 

one the most robust and efficient and will come up 

with a solution to all non-linear problems in 

economic, science, medicine, etc. Many benchmark 

tests show that BP and others derived from him are 

the most effective algorithms we have this days. 

This article has not the intention to create a debate 

between AI vs. statistics in terms of accuracy in 

prediction but we will reflect the advantages of 

using BP algorithm for modelling the GDP 

evolution. A neural network is put together by 

hooking together many of our simple "neurons," so 

that the output of a neuron can be the input of 

another. Further we come up with a version BP 

using the gradient descent technique. 

The neural network shown in the Figure 

A1 has three input units, three hidden units, and 

one output unit. We note nl as the number of 

layers, so nl = 3. The layer L1 is the input layer 

and layer Lnl
 is the output layer. Our neural 

network has the parameters: 

 (w,b) = (w(1),b(1),w(2),b(2)), where wi,j
(l)

 

denotes the parameter (or weight) associated with 

the connection between unit j in layer l, and unit i 

in layer l + 1. bi
(l)

 is coding the bias associated with 

unit i in layer l+1. We see that w(1) ∈ ℛ3×3 and 

w(2) ∈ ℛ1×3. We note sl as the number of nodes in 

layer l (without counting the bias units).  

We will write  ai
(l)

 to denote the activation 

(the output value) of unit i in layer l. For l = 1, we 

also use ai
(1)

= xi to denote the i-th input. We 

define a hypothesis hw,b(x) that gives us a real 

number. The activation of the layer 2 and the 

output y = hw,b(x) are given by:  

𝑎1
(2)

= 𝑓(𝑤11
(1)

𝑥1 + 𝑤12
(1)

𝑥2 + 𝑤13
(1)

𝑥3 + 𝑏1
(1)

) 

𝑎2
(2)

= 𝑓(𝑤21
(1)

𝑥1 + 𝑤22
(1)

𝑥2 + 𝑤23
(1)

𝑥3 + 𝑏2
(1)

) 

𝑎3
(2)

= 𝑓(𝑤31
(1)

𝑥1 + 𝑤32
(1)

𝑥2 + 𝑤33
(1)

𝑥3 + 𝑏3
(1)

) 

ℎ𝑤,𝑏(𝑥) = 𝑎1
(3)

= 𝑓(𝑤11
(2)

𝑎1
(2)

+ 𝑤12
(2)

𝑎2
(2)

+ 𝑤13
(2)

𝑎3
(2)

+ 𝑏1
(2)

) 

Let’s consider that: 

𝑧𝑖
(2)

= ∑ 𝑤𝑖𝑗
(1)

𝑥𝑗 + 𝑏𝑖
(1)

𝑛

𝑗=1

 

 𝑎𝑖
(𝑙)

= 𝑓(𝑧𝑖
(𝑙)

), 𝑖 ≔ 1, … 𝑚 or in matrix form: 

𝑧(2) = 𝑊(1)𝑥 + 𝑏(1) 

𝑎(2) = 𝑓(𝑧(2)) 

𝑧(3) = 𝑊(2)𝑎(2) + 𝑏(2) 

ℎ𝑤,𝑏(𝑥) = 𝑎(3) = 𝑓(𝑧(3)) 

We will compute layer l + 1's activations 𝑎(𝑙+1)  as:  

𝑧(𝑙+1) = 𝑊(𝑙)𝑎(𝑙) + 𝑏(𝑙) 

𝑎(𝑙+1) = 𝑓(𝑧(𝑙+1)) 

We can also build neural networks with 

other architectures, including ones with multiple 

hidden layers. The most common choice is a 𝑛𝑙 

layered network where layer 1 is the input layer, 

layer 𝑛𝑙 is the output layer, and each layer l is 

completed connected to layer l+1. In this setting, to 

compute the output of the network, we recursively 

compute all the activations in layer 𝐿2,  then layer 

𝐿3, and so on, up to layer 𝐿𝑛𝑙
, using the equations 

above that describe the forward propagation step. 

Neural networks can also have multiple output 

units. To train this network, we would need 

training examples(𝑥(𝑖), 𝑦(𝑖)), where 𝑦(𝑖) ∈ ℛ2. This 

type of network is useful if there are multiple 

outputs we are interested in prediction. Suppose we 
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have a fixed training set (𝑥(1), 𝑦(1)), … (𝑥(𝑚), 𝑦(𝑚)) 

of m training examples. For a single training 

example(𝑥, 𝑦), we define the cost function for that 

single example: 

𝐽(𝑊, 𝑏; 𝑥, 𝑦) =
1

2
||ℎ𝑤,𝑏(𝑥) − 𝑦||2 

We can write the cost function for all 𝑚 training 

examples as: 

              𝐽(𝑊, 𝑏)

= [
1

𝑚
∑ 𝐽(𝑊, 𝑏; 𝑥(𝑖), 𝑦(𝑖))

𝑚

𝑖=1

]

+
𝜆

2
∑ ∑ ∑(𝑊𝑗𝑖

(𝑙)
)

2
𝑠𝑙+1

𝑗=1

𝑠𝑙

𝑖=1

𝑛𝑙−1

𝑙=1

                                                  

= [
1

𝑚
∑ (

1

2
‖ℎ𝑤,𝑏(𝑥(𝑖)) − 𝑦(𝑖)‖

2
)

𝑚

𝑖=1

]

+
𝜆

2
∑ ∑ ∑(𝑊𝑗𝑖

(𝑙)
)2

𝑠𝑙+1

𝑗=1

𝑠𝑙

𝑖=1

𝑛𝑙−1

𝑙=1

 

This neural network can be trained using any kind 

of gradient algorithm. The second term1  

(Flemming, 2011) of the previous function is a 

regularization term, which has the impact to 

decrease the magnitude of the weights, and avoids 

over fitting. Our goal is to minimize the function 

J(W,b). To train our neural network, we will 

initialize each parameter 𝑊𝑖𝑗
(𝑙)

 and each 𝑏𝑖
(𝑙)

 with a 

small random value (according to a 𝒩(0, 휀2) 

distribution for some small 휀 ≅ 0.01), and then 

apply a gradient algorithm or based on Hessian 

matrix2 (Hagan et al., 1994). Since J(W,b) is a non-

convex function, gradient descent might end up 

into a local optima;  however, in practice gradient 

descent algorithm usually works well. It is 

important to initialize the parameters randomly, 

with values close to 0. The gradient descent 

updates the parameters W and b: 

𝑊𝑖𝑗
(𝑙)

= 𝑊𝑖𝑗
(𝑙)

− 𝛼
𝜕

𝜕𝑊𝑖𝑗
(𝑙)

𝐽(𝑊, 𝑏) 

𝑏𝑖
(𝑙)

= 𝑏𝑖
(𝑙)

− 𝛼
𝜕

𝜕𝑏𝑖
(𝑙)

𝐽(𝑊, 𝑏) 

where 𝛼 is the learning rate. The most important 

thing is computing the partial derivatives above. 

We further see that the derivative of the total cost 

function  𝐽(𝑊, 𝑏) for all m training set can be 

computed as:  

𝜕

𝜕𝑊𝑖𝑗
(𝑙)

𝐽(𝑊, 𝑏) = [
1

𝑚
∑

𝜕

𝜕𝑊𝑖𝑗
(𝑙)

𝐽(𝑊, 𝑏; 𝑥(𝑖), 𝑦(𝑖)) 

𝑚

𝑖=1

]

+ 𝜆𝑊𝑗𝑖
(𝑙)

 

𝜕

𝜕𝑏𝑖
(𝑙)

𝐽(𝑊, 𝑏) =
1

𝑚
∑

𝜕

𝜕𝑊𝑖𝑗
(𝑙)

𝐽(𝑊, 𝑏; 𝑥(𝑖), 𝑦(𝑖)) 

𝑚

𝑖=1

 

The intuition behind the back-propagation 

algorithm is as follows. For a single training 

example(x, y), we firstly run a "forward pass" to 

compute all the activations throughout the network, 

including the output y = hw,b(x). Then, for each 

node i in layer l, we would like to compute an 

"error term" δi
(l)

 that measures how much that node 

must be adjusted in order to produce the real 

output.  

Now we have all the ingredients to 

describe the full gradient descend algorithm. In the 

pseudo-code below, ∆W(l) is a matrix (of the same 

dimension as W(l)), and ∆b(l) is a vector (of the 

same dimension as b(l)). The algorithm is written 

as following:  

REPEAT 

1. Set ∆𝑊(𝑙) ≔ 0 , ∆𝑏(𝑙) ≔ 0  for all l 

2. For 𝑖 ≔ 1  𝑡𝑜 𝑚 do 

3.  

a. Compute  ∆𝑊(𝑡)𝐽(𝑊, 𝑏; 𝑥, 𝑦)and 

 ∆𝑏(𝑙)𝐽(𝑊, 𝑏; 𝑥, 𝑦) 

b. Set ∆𝑊(𝑙) ≔ ∆𝑊(𝑙) +
 ∆𝑊(𝑡)𝐽(𝑊, 𝑏; 𝑥, 𝑦) 

c. Set ∆𝑏(𝑙) ≔ ∆𝑏(𝑙) +
 ∆𝑏(𝑙)𝐽(𝑊, 𝑏; 𝑥, 𝑦) 

4. Update the parameters: 

𝑊(𝑙) = 𝑊(𝑙) − 𝛼 [(
1

𝑚
∆𝑊(𝑙)) + 𝜆𝑊(𝑙)] 

𝑏(𝑙) = 𝑏(𝑙) − 𝛼 [
1

𝑚
∆𝑏(𝑙)] 

until 𝐽(𝑊, 𝑏; 𝑥, 𝑦) < 0.01 

 

3. The influences of non-linear factors on GDP 

fluctuation 

According to Daianu3 (2009), the evolution of 

GDP, especially in emergent countries is strongly 

affected by the following types of factors which 

give an intense non-linearity pattern on short and 

medium term: 

A. The evolution of interest rate offered by 

the credit institutions and the local 

demand 

B. The absorption rate of structural EU funds 

C. High dependence of economies in which 

emerging countries does make exports 

D. The evolution of sectors who generate 

economic growth in the past such and 

sustainable growth in the future like: 

retail, constructions, IT etc. 

E. The economic and fiscal policy mix both 

driven by NBR and Government (hardly 

quantified) 

Despite the fact that is very unlikely to quantify 

each of these individual factors we are able to 

measure the effects by using the following 

aggregates indicators like: Gross Formation of 

Capital, Exports, Foreign Investments (see Table 

A1 for the major advantages of using the neural 

networks). 
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4. Research methodology  

Church and Curram5 (1996) showed for a particular 

case in studying the decline in the growth rate of 

consumer’s expenditures that using artificial 

intelligence will not give us better results compared 

with linear econometrics techniques. The argument 

was that at the end the neural networks are 

basically algorithms for minimizing the distances 

between the real output and the calculated after a 

finite number of training epochs which finally 

translates into least squares minimizations 

problems. In our opinion the structure itself of a 

neural network is sufficient to provide a better 

adaptability to non-linear data compared with 

regressions techniques by using of so called hidden 

layers and then finding the ponders (using gradient 

functions or Hessian matrix) is much better in 

prediction then estimating parameters of an 

econometric model which is limited by those four 

strong hypothesis imposed. 

Our goal is to comprehend to evolution of the 

Romanian GDP and we will do this by using two 

distinct neural networks types: 

- Nonlinear autoregressive (NAR) to predict 

series 𝑦(𝑡) given d past values of  𝑦(𝑡), so 

the model is: 

𝐺𝐷𝑃(𝑡) = 𝑓(𝐺𝐷𝑃(𝑡 − 1), … 𝐺𝐷𝑃(𝑡
− 𝑑)) 

- A panel analysis where GDP is influenced 

by some endogenous variables(like 

unemployment rate, public investments, 

etc.), so the model is a non-linear relation: 

𝐺𝐷𝑃𝑡 = 𝑓(𝐸𝑥𝑝𝑡 , 𝐺𝐹𝐹𝐶𝑡−1, 𝐶𝑡
𝑙) 

By using artificial intelligence the time 

series models (NAR models) are able to learn the 

seasonality given by specificity in industrial, 

agricultural or construction activities (due to the 

weather conditions summer vs winter) so is not 

needed to adjust the time series. 

The most time-consuming task in Machine 

Learning is to find the “best” neural network 

architecture able to make accurate and stable 

predictions. So the following steps have been taken 

into consideration: 

First step is to select the variables which 

influence significantly the output. This selection 

will be done using econometric method. The 

second step is to determine how many hidden 

layers (and also the number of neurons for each of 

the hidden layer) will have the “best” network. 

Some authors proposed few techniques for 

estimating the number of neurons and number of 

layers of an artificial neural network6 (Lawrence et 

al.,1996); our approach is reflected in Figure A2. 

The third step is to assign a number of n 

nodes to each neural network structure and to train 

in parallel all of them by learning the ponder wij. 

Then the best network is going to be generated by 

using different k starting values. The final step will 

give us the best network for all the architectures 

and it will be determined using a performance 

function like mean square error for the validation 

set7 (Elisseeff, 1997).  

We propose the Neural Network with type 

Back-Propagation due to his powerfully flexibility 

in modelling the non-linear data. The projection 

and implementation of the optimal package has 

been done using Matlab packages software which 

posses extremely powerfully minimizations of non-

linear functions. 

MATLAB implements the best numerical 

algorithms for various types AI problems, 

outputting a very accurate classifications and 

regressions for the massive structure of data and is 

intensely used in academic and industry 

environments. 

The data is being split as following: 70% 

of total data (41 records) is allocated for training, 

15% for the validation and rest of 15% for testing, 

randomly selected. We have used as training 

function the algorithm trainlm that updates weight 

and bias values according to Levenberg-Marquardt 

optimization. Trainlm is usually the fastest back-

propagation algorithm in the toolbox, and is highly 

recommended as a first-choice supervised 

algorithm, although it does require more memory 

than other algorithms. Even there are many 

methods for determining the optimal number of 

hidden nodes, doing heuristic experiments we 

found that the conclusion was that the 

autoregressive model must have the following 

architecture strictly applied to Romanian economy 

for interval 2000-2014 with quarterly data (10 

nodes on 1 hidden layer and a period of two lags).  

 

5. Results 

5.1 Using a non-linear autoregressive model 

The optimum model to be used in prediction is 

shown in Figure A3 and has one hidden layer with 

10 nodes and 2 input nodes reflecting the lag 

period. The MSE indicator of the validation set (see 

Figure A4) reflects that at epoch number 29 is at 

minimum so further training of the network will 

not give us an improvement of the predictive 

performance even the training error is continuing to 

decrease. That is what is often called in the 

literature as bias-variance compromise.                                                              

Figure A5 (see above) shows us the 

strengthen of the BP algorithm in modelling the 

non-linear pattern for the simulated data based on 

trained network and Figure A6  reflect the  fact that 

correlations between the training set and real output 

and also for the testing set and the real output was 

greater than 0.99.At the end of the article is 

presented the source code in MATLAB for doing 

predictions of the time series using time recurrent 

neural network (see Appendix A for the 

implementation source code). The values were 

adjusted with PCI index and are shown in local 

currency (millions ron). The GDP forecast for the 

http://en.wikipedia.org/wiki/Statistical_classification
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next eight quarterly based on the model is 

presented in Figure A7. 

5.2 The Structural model  

The econometric relation between the GDP and the 

variables is written as: 

𝐺𝐺𝐺𝐺 = 24329 + 0.8649𝐺𝐺𝐺𝐺 + 1.1𝐺𝐺𝐺𝐺𝐺−1

+ 41194𝐺𝐺
𝐺𝐺𝐺𝐺𝐺 + 𝐺𝐺 

 

We notice that the most important impact in 

formation of GDP have the gross capital formation 

and exports, whereas the most sensitive variable is 

the index cost of labour. It is notable that the gross 

capital formation has a much impact on output 

growth compare with the exports because: 

 
𝐺𝐺𝐺𝐺𝐺

𝐺𝐺𝐺𝐺𝐺𝐺−1

>
𝐺𝐺𝐺𝐺𝐺

𝐺𝐺𝐺𝐺𝐺

 

 

Using principal component analysis we find out 

that GDP is mainly driven by the exports, the gross 

capital formation, and the labour cost. These three 

variables explain 84.42% of the GDP variation. So 

basically the requirement from the neural network 

is to find a non-linear relation such that: 

 

𝐺𝐺𝐺𝐺 = 𝐺(𝐺𝐺𝐺𝐺,𝐺𝐺𝐺𝐺𝐺−1,𝐺𝐺
𝐺) 

 

First step is to select after hundreds of training sets 

which network type (Elman back-propagation, 

layer recurrent, etc.) is the most suitable for our 

problem among the bellow neural networks 

models. The criteria for selecting the best model 

will be a validation performance indicator: mean 

square error, after a finite number of training 

epochs, where validation error is at minimum point. 

The number of training epochs was set to 1000.The 

second step is to find the best topology for the 

network. The best validation performance was 

attained when the feed-forward back-propagation 

network, which has 2 hidden layers with 10 nodes 

on the first layer, has been used (see Figure A8). 

The correlations between the training set and real 

output and also for the testing set and the real 

output was greater than 0.99 (see Figure A9). 

Again the MSE indicator of the validation 

set reflects that at epoch number 11 is at minimum 

so the further network training will not give us an 

improvement of the predictive performance even 

the training error is continuing to decrease. 

 

∑ 𝐺𝐺𝐺(𝐺𝐺𝐺𝐺𝐺𝐺
𝐺𝐺𝐺𝐺𝐺𝐺_𝐺𝐺𝐺𝐺𝐺𝐺𝐺) = 122

59

𝐺=1

< 203 = ∑ 𝐺𝐺𝐺(𝐺𝐺𝐺𝐺𝐺𝐺
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)

59

𝐺=1

 

 

Despite the limited number of examples 

we had, it can be seen that the total error get in 

simulations using back-propagation algorithm is 

much better than classically linear regression  and 

might be used further in GDP forecasting on a 

different country or period of time (see Table A2). 

So we positively recommend the neural network 

algorithms to be further implemented. 

 

6. Interpretation of the results and further 

considerations on the Romanian economy 

Despite the fact we had a limited number of 

observations in training set the following 

conclusions might be seen: 

C1: Econometric models will remain appreciated in 

the future in analyses but techniques based on 

Learning Machine, like neural network can be 

more précised on short term forecast; these are both 

complementary; 

C2: Based on the result of the study, we predict an 

acceleration of GDP growth in 2014 up to 3.5%, as 

effect on stimulation of the consumption, followed 

by stagnation in 2015 as effect of reduction in 

public investments and a possible stagnation of 

exports to major partners and a probable stagnation 

even in 2016. 

C3: In the absence of a complex approach which 

must take into consideration other major sources of 

development (the absorption of EU funds is still 

limited),  the Romanian economy  will be closely 

dependents by the external economic shocks and in 

absence of investment stimulations the economic 

growth in the next 5 years will be recessionary or 

zigzags. 

C4: As a general conclusion we might assume that 

the discrepancy with the UE area will not be 

significantly diminished on a term of 5 years. 

Further analysis on GDP forecast must also include 

some factors which might influence the GDP 

formation like the EU funds absorption, etc. 

This technique presented in this article might also 

be extended to other financial forecast like 

evolution or prediction of derivatives, futures or 

currency/bonds, etc. 
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Appendix A 
targetSeries = tonndata(data,true,false); 
feedbackDelays = 1:2; 

hiddenLayerSize = 10; 

net = narnet(feedbackDelays,hiddenLayerSize); 
net.inputs{1}.processFcns = {'removeconstantrows','mapminmax'}; 

[inputs,inputStates,layerStates,targets] = preparets(net,{},{},targetSeries); 

net.divideFcn = 'dividerand';  % Divide data randomly 
net.divideMode = 'time';  % Divide up every value 

net.divideParam.trainRatio = 70/100; 

net.divideParam.valRatio = 15/100; 
net.divideParam.testRatio = 15/100; 

% Choose a Training Function 

% For a list of all training functions type: help nntrain 
net.trainFcn = 'trainlm';  % Levenberg-Marquardt 

% Choose a Performance Function 

% For a list of all performance functions type: help nnperformance 
net.performFcn = 'mse';  % Mean squared error 

% Train the Network 

[net,tr] = train(net,inputs,targets,inputStates,layerStates); 
 % Test the Network 

outputs = net(inputs,inputStates,layerStates); 

errors = gsubtract(targets,outputs); 
performance = perform(net,targets,outputs) 

 % Recalculate Training, Validation and Test Performance 
trainTargets = gmultiply(targets,tr.trainMask); 

valTargets = gmultiply(targets,tr.valMask); 

testTargets = gmultiply(targets,tr.testMask); 
trainPerformance = perform(net,trainTargets,outputs) 

valPerformance = perform(net,valTargets,outputs) 

testPerformance = perform(net,testTargets,outputs) 
 % View the Network 

view(net) 

% Plots 
% Uncomment these lines to enable various plots. 

%figure, plotperform(tr) 

%figure, plottrainstate(tr) 
%figure, plotresponse(targets,outputs) 

%figure, ploterrcorr(errors) 

%figure, plotinerrcorr(inputs,errors) 
% Early Prediction Network 

% For some applications it helps to get the prediction a timestep early. 

% The original network returns predicted y(t+1) at the same time it is given y(t+1). 
% For some applications such as decision making, it would help to have predicted 

% y(t+1) once y(t) is available, but before the actual y(t+1) occurs. 

% The network can be made to return its output a timestep early by removing one delay 
% so that its minimal tap delay is now 0 instead of 1.  The new network returns the 

% same outputs as the original network, but outputs are shifted left one timestep. 

targetSeries = tonndata(data,true,false); 
nets = removedelay(net); 

[xs,xis,ais,ts] = preparets(nets,{},{},targetSeries); 

ys = nets(xs,xis,ais); 
closedLoopPerformance = perform(net,tc,yc) 
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Figure A1 Neural network example 

 
 

 

Figure A2 The process of selecting the best network architecture (VISIO chart) 
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Figure A3       

  
Figure A4 

 

 
 

Figure A5             

 
 

Figure A6 
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Figure A7  

 
 

 

 

Figure A8 

 

 
 

 

 

Figure A9 
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Table A1 

Advantages of neural network Disadvantages of neural network 

It captures non-linear relations of variables The weights 𝐺𝐺 does not have any economic significance 

The architecture is extremely flexible Possible to end up into a local minimum point 

Does not require to know the functional form The network usually require large samples 

Very accurate in simulations and predictions Network architecture can be time consuming 

Does not require the distribution known Very sensitive to small variations of the input 
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Table A2 

Quarter Exports GFCF 

Cost of 

labor GDP deflated real GDP neural net Errorneural_net(%)  

Error_econometrics(%)  

QI 2000 22592.7168 22592.7168 0.26 71523.5328 73550.57592 -2.834092561 3.2624 

QII 2000 22280.25 22280.25 0.29 71821.875 73515.68113 -2.358342954 1.0747 

QIII 2000 24347.288 24347.288 0.24 72561.296 74655.62091 -2.886283765 1.6926 
Q IV 2000 25111.188 25111.188 0.28 74909.034 75586.64417 -0.904577365 0.5219 

QI 2001 27100.228 27100.228 0.38 76621.092 78961.64287 -3.054708316 -6.0012 

QII 2001 26237.966 26237.966 0.46 77822.576 78501.24385 -0.872070656 -8.5218 
QIII 2001 26898.138 26898.138 0.35 79864.695 78500.29816 1.70838546 -1.1531 

QIV 2001 25013.691 25013.691 0.37 79851.744 76445.46045 4.265759747 -0.0465 

QI 2002 25550.47 25550.47 0.42 79029.84 77523.51359 1.90602234 -4.9681 
QII 2002 28702.154 28702.154 0.44 81163.355 82377.80632 -1.496304976 -6.0293 

QIII 2002 31069.435 31069.435 0.35 83466.01 85179.14899 -2.052498962 -2.4436 
QIV 2002 31197.72 31197.72 0.36 84285.955 85821.92906 -1.822336904 -2.4495 

QI 2003 32211.47 32211.47 0.49 87554.286 90319.60417 -3.158404109 -6.4732 

QII 2003 31309.056 31309.056 0.57 91062.336 88937.7732 2.333086211 -6.2359 
QIII 2003 32979.32 32979.32 0.4 94088.302 91794.26361 2.438175986 2.2502 

Q IV 2003 33767.992 33767.992 0.43 95626.812 94791.91471 0.873078663 1.0048 

QI 2004 36050.778 21167.934 0.57 96293.703 100118.4285 -3.971937248 -6.2595 
QII 2004 37686.519 22797.036 0.55 101855.295 105032.7253 -3.119553363 -2.8002 

Q III 2004 38596.372 23586.746 0.4 105369.986 108566.2267 -3.033350177 4.9201 

Q IV 2004 37579.302 22736.862 0.45 107027.892 105986.2595 0.973234668 6.1656 
Q I 2005 36254.067 23906.763 0.68 108493.173 107114.2961 1.27093423 -1.4319 

QII 2005 36389.04 25576.24 0.65 108417.385 105890.1201 2.331051325 -2.1676 

QIII 2005 38150.244 26165.448 0.52 112370.238 109224.9764 2.799016604 4.2585 
Q IV 2005 38343.958 29244.23 0.54 113846.877 111601.2998 1.972453962 1.6492 

QI 2006 39800.838 28019.523 0.74 117783.75 122692.4693 -4.167569216 -1.9823 

QII 2006 40373.655 30404.76 0.64 121698.065 117663.9233 3.314877463 2.1157 
Q III 2006 41440.565 33636.665 0.53 126942.57 124123.6971 2.220589135 6.1966 

Q IV 2006 42387.059 36772.593 0.6 132365.09 128301.9435 3.069651175 4.6315 

QI 2007 42049.443 44130.039 0.81 134693.775 143233.6353 -6.340204161 -5.9451 
Q II 2007 41414.8 47934.74 0.79 141217.02 143973.3301 -1.951825698 -3.0481 

Q III 2007 41577.882 52221.132 0.64 145347.12 146609.3856 -0.868449 0.7843 

Q IV 2007 44983.13 54939.598 0.65 150551.814 155687.7748 -3.411424083 -0.0056 
Q I 2008 45388.487 58902.316 0.86 159199.322 165062.0157 -3.682612225 -2.9708 

Q II 2008 47765.991 64930.086 0.9 163636.5 168890.9992 -3.211080183 -6.5018 

Q III 2008 45851.318 64520.191 0.8 169736.135 168759.893 0.575152715 0.9942 
Q IV 2008 43304.125 59573.125 0.93 169234.875 166356.1458 1.701025958 2.0599 

Q I 2009 42055.914 48079.101 0.91 150704.274 150101.4356 0.400014142 -0.3146 

Q II 2009 41232.081 38648.973 0.96 152244.257 152214.7218 0.019399908 6.6412 
Q III 2009 43619.895 39221.182 0.81 152569.989 142810.8406 6.396505909 9.1235 

Q IV 2009 44350.08 36486.84 0.94 157592.76 151829.413 3.657114073 10.1330 

Q I 2010 43575.948 38924.496 1 152440.002 155228.5949 -1.829305181 4.1509 
Q II 2010 49740.8 40017.796 0.98 153088.448 153923.7608 -0.545640648 0.8248 

Q III 2010 50889.776 37384.129 0.78 150747.198 146889.8835 2.558796838 6.0159 

Q IV 2010 54048.897 38731.119 0.81 149656.083 149630.5209 0.017080567 1.6871 
Q I 2011 56392.567 39010.446 0.93 150934.698 153051.5978 -1.40252695 -2.3022 

Q II 2011 53903.88 39813.12 0.91 149374.368 151708.3335 -1.562493975 -1.9703 

Q III 2011 56136.54 38948.958 0.71 150479.084 150777.6052 -0.198380553 3.6028 
Q IV 2011 59344.635 42798.945 0.77 150202.395 152504.9061 -1.532939014 -2.8924 

Q I 2012 56714.008 42483.896 0.96 148269.888 152502.2539 -2.854501286 -7.7435 

Q II 2012 57560.932 41964.569 0.91 153096.11 151921.632 0.767150768 -3.1063 
Q III 2012 57652.113 42303.143 0.77 151774.619 151363.6659 0.270765356 -0.5019 

Q IV 2012 61717.95 40330.08 0.82 157205.58 154800.294 1.530025843 0.8058 

Q I  2013 64479.612 39270.315 1.01 156661.1 158477.1121 -1.159197843 -5.3143 
Q II 2013 66903.915 40240.016 0.94 157311.944 159560.3413 -1.429260364 -5.0579 

Q III 2013 68531.7 38232.5 0.78 158720.1 164734.3951 -3.789246024 0.5335 

Q IV 2013 67711.941 36901.953 0.82 161697.987 164034.4412 -1.444949491 2.6916 
Q I 2014 70788.1 36117.8 1.02 163722.4 165636.3612 -1.169028294 -2.2347 

Q II 2014 68356.7 35291.3 0.93 165506.2 164941.2005 0.341376664 2.9282 

Q III 2014 68971.2 36587.3 0.98 167070.3 164502.957 1.53668425 1.4311 
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