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AbstractThe subject of the presentpaper represents the resultof a research that usesartificial intelligence,



through the artificialneural networks, in orderto simulate the RomanianEconomic SentimentIndicator (ESI-mentionedby The Economist and



provided by the EuropeanCommission – Economicand Financial Affairswebsite). The reason forthe research is todetermine a better method



to forecast the Romania ESIconsidering its nonlinearbehavior. For thesimulation, a feed forwardartificial neural network(ANN) was used. For this



type of ANN, the besttraining algorithm is theback propagationalgorithm. Trainingcondition were set to asmaller than 5% error



between the real data andthe simulated data. Theresearch is then extendedto new input data (notavailable at the time ofANN training) used for



comparison andforecasting of the realtrends with the simulatedones. Even with new data,the use of the ANNdetermined forecasting



results smaller than 5%(between -4.92; 5.16%).Also the ANN simulationoffers an image about howindicators influence theESI. In conclusion, the use



of the ANN is considered asuccess and the authorsdetermine the possibilitythat ANN researchapplication be extended to



other countries ESI or evento the European zone
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IntroductionThe confidence inRomanian economy can bea very exciting subjectconsidering the way



Romanians see theeconomic development andalso from a foreign point ofview. Also it is necessary tohave a forecast of severalindicators in order to



invest in certain economicfields and EconomicSentiment Indicator (ESI)is one of them. But what isthe way to do it if thecalculated ESI is different



from the real sentimentabout the countryeconomy? As presented inchapter 3, the ESI iscalculated using fivesector-specific confidence



indicators. But is thiscalculus representative ofthe real sentiments aboutcountries’ economies? Theresearchers think that thereal confidences in



economies are morenonlinear which can bedetermined with calculus.This is why ArtificialNeural Networks are usedto see if these types of



methods can provide abetter forecast than thesimple calculus. Theartificial neural networkshave proved theireffectiveness in simulating



the nonlinear processesand phenomenon;moreover, they offer inalmost all researchessuperiority over the othersimulating methods.



The researchers knew thatANN can learn from thepast ESI values,considering the five sector-specific confidenceindicators, and they



thought that the ANN willforecast accurate values ofthe ESI.The data used for the allthe trainings and



simulations were takenfrom EuropeanCommission – JointResearch Centre website:http://composite-indicators.jrc.ec.europa.eu/

http://composite-


CI_Econ0001.htm inJanuary 2011.The objectives of theresearch are as follows:



1. Building, training andvalidating a specificANN for the simulatingof the EconomicSentiment Indicatorconsidering five sector-



specific confidenceindicators and theimposed conditions;2. Testing the trained ANNin order to check that



the difference betweenthe real data and thesimulated is smallerthan 5%;



3. Determining the trendof Economic SentimentIndicator with thetrained ANN;



4. Establishing thesustainability of futureANN use for theforecast of the ESI.



Artificial Neural Network
(ANN)Today, Artificial NeuralNetwork (ANN) can befound in the majority of the



human life activity, theirpotential being consideredimmense. Starting with thehuman brain andcontinuing with the actualcommon application of the



ANN, their useeffectiveness isdemonstrated as can beseen in Akira Hirose’s book“Complex-valued neuralnetworks: theories and



applications” [WorldScience Publishing Co Pte.Ltd, Singapore, 2003].Regardless of the type,ANN has a few certain



common unchallengeableelements mentioned byZenon WASZCZYSZYN inhis book: “Fundamentals ofArtificial NeuronalNetworks” [Institute of



Computer Methods in CivilEngineering, 2000]:
• micro-structuralcomponents: processing



elements – neurons ornodes
• input connections of theprocessing elements



• output connections of theprocessing elements
• the processing elementscan have optional localmemory transfer



(activation) function,which characterizes theprocessing elements.



Figure 1. Schematic
Representation of a
Multilayer ANN

Please see Figure 1 in Full
PDF Version



The schematic graphicrepresentation of amultilayer ANN ispresented in figure 1, werexi ( N1,i = ) is the input ANNvalues,  H1 and H2 are the



numbers of neurons fromthe first and second hiddenlayer, M is the number ofneurons from the outputANN layer and yj ( M1,j = ) is



the values of the outputdata.



The Economic Sentiment
Indicator (ESI)The Economic SentimentIndicator is used in orderto combine business



tendency surveys into asingle cyclical composite orconfidence indicator with aview to reduce the risk offalse signals and provide acyclical indicator with



better forecasting andtracking qualities than anyof its individualcomponents, as defined byThe European Commission



[http://ec.europa.eu/economy_finance/db_indicators/surveys/time_series/index_en.htm].

http://ec.europa.eu/econ


Economic SentimentIndicator purpose is totrack GDP growth atMember State, EU andeuro-area level. The ESIcan be viewed as a



summary of the five sector-specific confidenceindicators[http://ec.europa.eu/economy_finance/db_indicators

http://ec.europa.eu/econ


/surveys/documents/userguide_en.pdf].1. Industrial confidenceindicator (INDU). Theindustrial confidence



indicator is thearithmetic average ofthe balances (inpercentage points) ofthe answers to thequestions on



productionexpectations, orderbooks and stocks offinished products (thelast with inverted sign).Balances are seasonally



adjusted[http://ec.europa.eu/economy_finance/db_indicators/surveys/documents/userguide_en.pdf].

http://ec.europa.eu/ec


2. Services confidenceindicator (SERV). Theservices confidenceindicator is thearithmetic average ofthe balances (in



percentage points) ofthe answers to thequestions on businessclimate and on recentand expected evolution



of demand. Balances areseasonally adjusted.3. Consumer confidenceindicator (CONS). Theconsumer confidence



indicator is thearithmetic average ofthe balances (inpercentage points) ofthe answers to thequestions on the



financial situation ofhouseholds, the generaleconomic situation,unemploymentexpectations (withinverted sign) and



savings, all over thenext 12 months.Balances are seasonallyadjusted



[http://ec.europa.eu/economy_finance/db_indicators/surveys/documents/userguide_en.pdf].

http://ec.europa.eu/ec


4. Retail trade confidenceindicator (RETA). Theretail trade confidenceindicator is thearithmetic average ofthe balances (in



percentage points) ofthe answers to thequestions on thepresent and futurebusiness situation andon stocks (the last with



inverted sign). Balancesare seasonally adjusted[http://ec.europa.eu/economy_finance/db_indi

http://ec.europa.eu/ec


cators/surveys/documents/userguide_en.pdf].5. Constructionconfidence indicator(BUIL). The



construction confidenceindicator is thearithmetic average ofthe balances (inpercentage points) ofthe answers to the



questions on orderbook and employmentexpectations. Balancesare seasonally adjusted



[http://ec.europa.eu/economy_finance/db_indicators/surveys/documents/userguide_en.pdf].

http://ec.europa.eu/ec


6. Economic SentimentIndicator purpose is totrack GDP growth atMember State, EU andeuro-area level. The ESIcan be viewed as a



summary of the fivesector-specificconfidence indicators.



The exact calculation of theESI on the basis of itscomponent series can besummarized by thefollowing three simplesteps



[http://ec.europa.eu/economy_finance/db_indicators/surveys/documents/userguide_en.pdf]:

http://ec.europa.eu/econ
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The Xn variables representthe 15 components of the



confidence indicators forindustry (3 components),services (3), consumers(4), construction (2) andretail trade (3).



Since the confidenceindicators described aboveare made up of the same,but non-standardizedcomponent series, the ESIcannot precisely be derived



from applying the givensector weights to the fiveconfidence indicators. Infact, it can occasionallyhappen that, due to theinfluence of some more



volatile component series,the sum of the (weighted)confidence indicatorsshows movements that arenot reflected in the ESI,summarizing the properly



standardized components.In the same way, impulsesfrom rather dampedcomponents that are notvisible in the confidence



indicators may actuallyshow up in the ESI.



Simulating the ESI Using
ANNRegardless of the ANNused the processed data orthe simulated problem and



the phases in theimplementation of ANN arethe same, as shown by theauthors in authors articles.



[Ilie C., Ilie M., MoldovaRepublic’s Gross DomesticProduct Prevision UsingArtificial Neural NetworkTechniques, OVIDIUSUniversity Annals,



Economic Sciences Series,Volume X, Issue 1, Year2010, OVISIUS UniversityPress, p. 667-672, ISSN1582-9383]. Consideringthis, the following



simulation follows thosephases.



Phase 1 – Initial Data
AnalysisData analysis consists individing data into separatecolumns, defining types of



these columns, filling outmissing number values,defining the number ofcategories for categoricalcolumns, etc.



Data analysis revealed thefollowing results:
• 6 columns and 79 rowswere analyzed;



• Data partition method:random;
• Data partition results: 57records to Training set(72.15%); 11 records to



Validation set (13.92%)and 11 records to Test set(13.92%).As can be seen, thedatabase is divided in three



sets. While the training setsare used only for training,the validation and testingsets are used also fortesting. Presented in table 1are the maximal and



minimal value limits of theinput and output data.



Table 1: The Database

Please see Table 1 in Full
PDF Version



Phase 2 – Data Pre-
ProcessingThis is the phase in whichthe above defined data areprepared and reshaped for



an easier use and forobtaining best results,according to therequirements and theimposed results.



Pre-processing means themodification of the databefore it is fed to a neuralnetwork. Pre-processingtransforms the data tomake it suitable for neural



network (for example,scaling and encodingcategories into numericvalues, “one-of-n” orbinary) and improves thedata quality (for example,



filtering outliers andapproximating missingvalues), as differentsoftware uses differentmethods  [see AlyudaNeuroIntelligence -



http://www.alyuda.com/neural-networks-software.htm].“One-of-N” encoding isMethod of encoding

http://www.alyuda.com/n


categorical columns intonumeric ones. Each newnumeric column willrepresent one categoryfrom the categoricalcolumn data. For example,



categorical columnCapacity that has High,Medium and Low as itsvalues will be encoded into3 numeric columns andvalue High will be



represented as { 1, 0, 0},Medium as { 0, 1, 0} andLow as {0, 0, 1}.Considering the pastresearch and experiences,



the database wasreorganized as randomseries replacing the initialtime series.



The reasons for this changecame from the need toavoid the obstruction ofthe training and also theprobability of the ANN toconsider the trend of the



time series database asuniversal trend. Thesecond problem can bedetermined by theimpossibility for futureestimates. So the data on



which the ANN was trainedwere fed to it as non-timeseries; and for the presentdatabase, the encodingchosen was numericencoding. Numeric



encoding means that acolumn with N distinctcategories (values) isencoded into one numericcolumn, with one integervalue assigned for each



category. For example, forthe Capacity column withvalues "Low", "Medium"and "High", "Low" will berepresented as {1},Medium as {2} and High as



{3} [AlyudaNeuroIntelligence -http://www.alyuda.com/neural-networks-software.htm]. In table 2,

http://www.alyuda.com/n


the characteristics of pre-processed data are shown.The results of completedpre-processing processare:



• Columns beforepreprocessing: 6;
• Columns afterpreprocessing: 6;



• Input columns scalingrange: [-1..1];
• Output column(s) scalingrange: [0..1];



• Numeric columns scalingparameters: INDU:0.06993; SERV:0.027586; CONS:0.05102; RETA:



0.042283; BUIL:0.040404; ESI: 0.025381.



Table 2: The Pre-
Processed Database

Please see Table 2 in Full
PDF Version



Phase 3 – Artificial Neural
Network StructureConsidering thecharacteristics of thesimulated process, many



ANN structure can bedetermined and comparedthrough the specificity ofthe process and the datathat are being used forsimulations. Thus, the feed



forward artificial neuralnetwork is considered thebest choice for presentsimulation [Lucica Barbeş,Corneliu Neagu, LuciaMelnic, Constantin Ilie,



Mirela Velicu, The Use ofArtificial Neural Network(ANN) for Prediction ofSome Airborne PollutantsConcentration in UrbanAreas, Revista de chimie,



Martie 2009, 60, nr. 3,Bucharest, p. 301-307,ISSN 0034-7752].After building and testingseveral ANN with feed



forward structures, havingin mind the comparison ofthe errors between the realdata and ANN output data,the best ANN network wasdefined. This has the



following structure (figure2): 5 neurons in the inputlayer, 11 neurons in thehidden layer and 1 neuronin the output layer.



Figure 2. Simplified
Graphic Representation
of ANN with Structure

Please see Figure 2 in Full
PDF Version



Also, the activation functionfor different layer neuronsare chosen: Hidden layersactivation function ishyperbolic tangent (ratiobetween the hyperbolic



sine and the cosinefunctions (or expanded, asthe ratio of the half-difference and half-sum oftwo exponential functionsin the points z and –z) and



Output layer activationfunction is logistic (sigmoidcurve) [Dumitru IulianNăstac, Reţele NeuronaleArtificiale. Procesareaavansată a datelor



(Artificial Neural Network.Advance Data Processing.)Printech Pub., Bucharest,2000].



Phase 4 – TrainingBeing an essential phase inthe use of ANN, the trainingmust use certain trainingalgorithms which



essentially modifies thestructural elements of ANN(weights) modified throughseveral iterations. Thosemodifications establish thefuture ANN accuracy. For



the selected ANN, the mostcommon training algorithmis Back propagationalgorithm.



Back propagationalgorithm. Backpropagation is the best-known training algorithmfor multi-layer neura lnetworks. It defines rules of



propagating the networkerror back from networkoutput to network inputunits and adjustingnetwork weights along withthis back propagation. It



requires lower memoryresources than mostlearning algorithms andusually gets an acceptableresult, although it can betoo slow to reach the error



minimum and sometimesdoes not find the bestsolution [AlyudaNeuroIntelligence–http://www.alyuda.com/neural-networks-

http://www.alyuda.com/n


software.htm]. For aquicker training process, amodification of the backpropagation algorithm,called quick propagation,was made.



Quick propagation is aheuristic modification ofthe back propagationalgorithm invented by ScottFahlman. This trainingalgorithm treats the



weights as if they werequasi-independent andattempts to use a simplequadratic model toapproximate the errorsurface. In spite of the fact



that the algorithm has notheoretical foundation, it isproved to be much fasterthan standard backpropagation for manyproblems. Sometimes the



quick propagationalgorithm may be instableand inclined to block inlocal minima [AlyudaNeuroIntelligence –http://www.alyuda.com/n



eural-networks-software.htm].The training conditionswere established in orderto achieve the best results

http://www.alyuda.com/n


using the quick propagationtraining algorithm. Thus,the quick propagationcoefficient (used to controlmagnitude of weightsincrease) was 0.5 and the



learning rate (affects thechanging of weights –bigger learning rates causebigger weight changesduring each iteration) was0.3. The small values of



these two, especially of thelearning rate, are explainedby the necessity of avoidingthe local minima blockage.



The results of trainingdetails are presented intable 3.



Table 3: The Training
Details

Please see Table 3 in Full
PDF Version



• AIC is Akaike Informationcriterion (AIC) is used tocompare differentnetworks with differentweights (hidden units).With AIC used as fitness



criteria duringarchitecture search,simple models arepreferred to complexnetworks if the increasedcost of the additional



weights (hidden units) inthe complex networks donot decrease the networkerror. Determine theoptimal number ofweights in neural



network [AlyudaNeuroIntelligence -http://www.alyuda.com/neural-networks-software.htm];

http://www.alyuda.com/


• Iters. are the iterations[AlyudaNeuroIntelligence -http://www.alyuda.com/neural-networks-software.htm];

http://www.alyuda.co


• R-squared is thestatistical ratio thatcompares modelforecasting accuracy withaccuracy of the simplestmodel that just use mean



of all target values as theforecast for all records.The closer this ratio to 1the better the model is.Small positive valuesnear zero indicate poor



model. Negative valuesindicate models that areworse than the simplemean-based model. Donot confuse R-squaredwith r-squared that is



only a squaredcorrelation [AlyudaNeuroIntelligence -http://www.alyuda.com/neural-networks-software.htm];

http://www.alyuda.com/


The stop trainingconditions were: maximumof 500000 iterations or amaximum absolutetraining error value of0.25%. The results of



training are Number ofiterations: 500001 (Timepassed: 00:09:35 min.).The training stop reasonwas: All iterations done.



Training ResultsAfter the training, the ANNevaluated the importancethat every input data hasover the output data. The



result of the evaluation ispresented in table 4 andfigure 3.



Table 4: Input Data over
Output Data Importance

Please see Table 4 in Full
PDF Version



Figure 3. Input Data over
Output Data Importance

Please see Figure 3 in Full
PDF Version



Figure 4. Evolution of the
Network Errors

Please see Figure 4 in Full
PDF Version



Figure 5. Comparison
between Training Set
Dataset Errors and
Validation Dataset Error



Please see Figure 5 in Full
PDF Version



Figure 6. Training Errors
Distribution

Please see Figure 6 in Full
PDF Version



Figure 7. Network Weight
Distribution

Please see Figure 7 in Full
PDF Version



Phase 5 – Validation and
TestingThe last phases of ANNsimulation indicate thelevel of ANN preparedness



regarding the expectedresults.Testing is a process ofestimating quality of thetrained neural network.



During this process, a partof data that was not usedduring training ispresented to the trainednetwork case by case. Thenforecasting error is



measured in each case andis used as the estimation ofnetwork quality.For the present research,three different sets of data



were used for the testingand validation of the ANNtraining. The first set is theone already used in thetraining process, but neverfed to the ANN: 11 records



to Test set (13.92%) (seephase 1). The results of thistesting is presented in table5. Also the differencebetween the real values(target) and the simulated



values (output) of theoutput data are presentedin figure 8.



Table 5: Test No. 1.
Automat Testing Results
– Actual Vs. Output

Please see Table 5 No. 1.
in Full PDF Version



- AE is the absolute error asthe difference between theactual value of the targetcolumn and thecorresponding networkoutput, in absolute values



[Alyuda NeuroIntelligence-http://www.alyuda.com/neural-networks-software.htm];

http://www.alyuda.com/n


- ARE is the absoluterelative error as thedifference between theactual value of the targetcolumn and thecorresponding network



output, in percentageterms [AlyudaNeuroIntelligence -http://www.alyuda.com/neural-networks-software.htm].

http://www.alyuda.com/n


The second set is formedfrom data that was neverfed to the ANN in order totrain it. So this set was newto the trained ANN. Theresults of the comparison



between the real data andthe simulated data arepresented in table 6.



Table 6: Test no. 2.
Testing Results - Actual
vs. Output

Please see Table 6 No. 2.
in Full PDF Version



Figure 8. Actual vs.
Output Values. Automat
Testing

Please see Figure 8 in Full
PDF Version



The third set was a new setand when the ANN wastrained, this set was not yetrevealed on EuropeanCommission – Economicand Financial Affairs



website[http://ec.europa.eu/economy_finance/db_indicators/surveys/time_series/index_en.htm]. The result of thisset on the ESI simulation is

http://ec.europa.eu/econo


presented in table 7. Theimportance of this testcame from the economicRomanian situation at thattime, which was slightlydifferent from the ESI point



of view. So it was necessaryto determine how thetrained ANN behave insomehow illogical (the non-linear conditions that werefer to) conditions, such as



higher than expectedconfidence in country’scapabilities.



Table 7: Test no. 3.
Testing Results - Actual
vs. Output

Please see Table 7 No. 3.
in Full PDF Version



The absolute values andrelative difference for thethird testing process,between the third real setof values and the simulatedones are shown in figure 9.



Figure 9. Actual vs.
Output Values. Test no. 3

Please see Figure 9 in Full
PDF Version



From the previous results,the following conclusionsare drawn:
• The training phase wassuccessful, the  maximum



absolute error was 1.866and  the maximumabsolute relative errorwas 0.016;



• Testing the training withthe new data set resultedin a smaller than 3.3%difference between thereal data and simulatedoutput.



Simulating the Trend ESI
Using the ANNThe researchers did notonly evaluate the successof ANN training by



comparing the real inputdata with the ANNsimulated data, but theyalso observed the trendthat ANN simulates,



considering new data foreach of the input.In order to see the way theANN behaves after thetraining, we fed the ANN



with the new data, asconsecutive values inarithmetic progression, foreach and every input, whilethe other four inputsremained the same as in



training session. Then weconsidered the trend of thenew used data incomparison with the realtrend. We used the trend ofthe simulated data



because, as expected, thesimulated data wereaffected by the simulationerrors and thus the trendswill be easier to compare.



The trends weredetermined using a simpleprogram from the Mathcad2001 software, for thecalculation of the equationthat approximates the



trend. The results of ESIsimulations for the newdata were considered (withconsecutive values inarithmetic progression andall other inputs remaining



as in original database). Anexample of the programwhich determined thattrend for the INDU inputdata is presented here infigure 10.



Also, the researchers mustexplain the interval valueschosen for the newsimulations. For example,the real values for theINDU data were between [-



16.7; 11.9], but we want toverify and test even morethe ANN trained with adifferent values interval. Soa new interval for INDUwas considered as [2; 10],



this interval showed thatthe trained ANN cansimulate using new datathat were never fed to it. Inaddition, the trained ANNsimulation can be



appreciated consideringthat all values are onlypositive and can be foundin a smaller cluster thanthe real data (that wereused for training).



In the following figures thesimulated ESI (ESI_simul)is shown for each of thenew sets of values for theinput data: INDU_simul,SERV_simul, CONS_simul,



RETA_simul andBUIL_simul (noted with a)in the following figures)and the trend determinedfrom the simulated ESI(noted with b) in the



following figures). Also inorder to evaluate the ANN,the difference between thereal ESI (ESI_real) and thesimulated ESI (ESI_simul)is presented as percentage



(noted with a) in thefollowing figures) and alsoas absolute values graphics(noted with b) in thefollowing figures).



Trend Simulation with
New INDU ValuesThe values for the INDUinput data was chosenbetween [2; 10], the other



input data values remainedas shown in table 1.  Theresults of the simulationare presented in figure 11.aand the calculated trend infigure 11.b.



Figure 10. The Program
for the Calculus of the
INDU’s Trend Equation

Please see Figure 10 in
Full PDF Version



Figure 11. a) ESI
Simulated for the New
INDU Values; b) Trend of
the ESI Simulated for the
New INDU Values



Please see Figure 11 in
Full PDF Version



Figure 12. a) The Difference
between Simulated ESI and
Real ESI for the New INDU
Values (%); b) ESI_real vs.
ESI_simul for the New INDU
Values



Please see Figure 12 in
Full PDF Version



Trend Simulation with
New Serv Values



Figure 13. a) ESI
Simulated for the New
SERV Values; b) Trend of
the ESI Simulated for the
New SERV Values



Please see Figure 13 in
Full PDF Version



Figure 14. a) The Difference
between Simulated ESI and
Real ESI for the New SERV
Values (%); b) ESI_real vs.
ESI_simul for the New SERV
Values



Please see Figure 14 in
Full PDF Version



Trend Simulation with
New CONS Values



Figure 15. a) ESI
Simulated for the New
CONS Values; b) Trend of
the ESI for the New CONS
Values



Please see Figure 15 in
Full PDF Vrsion



Figure 16. a) The Difference
between Simulated ESI and
Real ESI for the New CONS
Values (%); B) ESI_Real vs.
ESI_Simul for the New CONS
ValuesTrend simulation with
new RETA Values



Please see Figure 16 in
Full PDF Version



Figure 17. a) ESI
Simulated for the New
RETA values; b) Trend of
the ESI Simulated for the
New RETA Values



Please see Figure 17 in
Full PDF Version



Figure 18. a) The Difference
between Simulated ESI and
Real ESI for the New RETA
Values (%); b) ESI_real vs.
ESI_simul for the New RETA
Values



Please see Figure 18 in
Full PDF Version



Trend Simulation with
New BUIL Values



Figure 19. a) ESI
Simulated for the New
BUIL Values; B) Trend of
the ESI Simulated for the
New BUIL Values



Please see Figure 19 in
Full PDF Version



Figure 20. a) The Difference
between Simulated ESI and
Real ESI for the New BUIL
Values (%); B) ESI_Real Vs.
ESI_Simul For The New BUIL
Values



Please see Figure 20 in
Full PDF Version



Table 8: The New Values
of the Input Data Used for
the Simulations and the
Results of Simulation



Please see Table 8 in Full
PDF Version



As we can see, the resultsof simulation of the newvalues, even with theimposed value restrictions,correspond to theconditions established at



the beginning of theresearch.



Acknowledgment and
ConclusionsThe research establishedthe necessary theoreticalcharacteristics for the pre-



processing, training,validating and testing theused ANN for thesimulation of theRomanian ESI. Consideringthe validating and testing



results, the ANN training isconsidered a success andall the initial conditions arerespected.



In the beginning of thepaper, it is shown how theANN was trained andtested. The results for theANN training before thetesting were:



• The training error was0.254;
• The automat testingdeviation of the trainingwas [0.000944;



1.866115] as absolutevalue and [0.000009;0.016087] as relativevalue;



• The second testing (withdata never feed to theANN) results produced arelative deviationbetween [-0.8474;1.0690];



• The third test (with freshnew data) showedrelative deviationbetween [1.276444;3.276444].



All the tests confirm goodresults of the trainingprocess as the relativedifference between the realESI and the simulated ESIare smaller than the initial



conditions (smaller then5%).In the second part of thepaper, the comparisonbetween the real trends



and the simulated trendshow the effectiveness ofANN built and trained. Thesmall difference betweenthose two trends, even inharder conditions for the



ANN, validates all thechoices that theresearchers made for theANN structure and trainingmethods and also for the



conditions defined for theuse of ANN.Overall the ANN trainingand use is considered asuccess and the future use



of the ANN can beimplemented for theforecasting of ESI fromdifferent Member Statecountries and even for theentire euro-area. But also



the researchers considerthat the studies must beextended over a largerperiod of time and alsoover a bigger database.This can create a more



prepared ANN, and thus amore accurate result.Another direction ofresearch is considered.Starting with the intern



and foreign investments,another type of ESI can beused to train the ANN inorder to forecast the futureinvestment or the way that



certain economies areviewed and evaluated.
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