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Abstract

This study examines how 22 different long skterm memory (LSTM) andated recurren
unit (GRU) network architectures suit predictingslbusiness cycles. The networks create
day forecasts for the dependent variable by using multivanmateseries data comprising 2
l eading indicator s6 v aThemaposddanodels drecevapates
using a trairtest split, where the proposed models are trained witHaal 980 to 2005, an
the outof-sample set consists of data between 2005 and 2015. The performance is e
by using mean squared errtd$E) and mean absolute error (MAE), and early warning S
arealsoconsidered beneficial.

The training algorithm consists of typical deep learning methods. MSE and L1 regu
tion are used for determining the camtd minibatches of 32 examples applied together
with Nesterov accelerated momentum (NAG) learning algorithm. Early stopping is intrg
to halt the training process when strong signs of overfitting are detected. Each propose
rent neural network (RNN) architecture is trained tiréeme s, and t hese
aged predictions are examined when comparing the architectures.

Performanceavise, a few LSTM networks stand out from the other proposed netw
Although theperformanceesults favothe proposed LSTM networks slightbver their GRU
equivalents, the differenégnot substantial and, in turn, the proposed GRU networks offe
deviation in MSE and MAE between each architecture. However, these steadier perfg
results do not generate less volatile forecasts. Instead, the best performing networks a
tecures differentiate by offerinigss volatilgoredictions thaalsovary less from the real valug

Most of the models generate a considerable amount of early warning signs before t
recession, which indicates their suitability for detecting turpiigts in business cycles. Mor,
over, a wide range of the proposed LSTM and GRU network architectures learn the
pattern, also the smaller architectures comprising only one hidden layer and less than
timizable parameters. This suggests thatahraethods offer noteworthy solutions for busin
cycle forecasting and, more widely, supports applying nonlinear machine learning m
with multivariate data for macroeconomic forecasting tasks where prevalent methods ha
found unable to deliveadequate accuracy.

Key words | Business cyclegorecastingmachine learning, recurrent neural net-
works

Turun kauppakorkeakoul u A Tur ku

Schi






¢k, TURUN TIVISTELMA
=zt YLIOPISTO

Kandidaatintutkielma
X | Pro gradu -tutkielma
Lisensiaatintutkielma

Vaitoskirja

Oppiaine Taloustiede Paivamaara 23.6.2020
Tekija Markus Makela Sivumaara 103+liitteet

. Vertailu erikokoistenLSTM- ja GRU-neuroverkkojen soveltursésta
Otsikko . . .

Yhdysvaltojentaloussyklien ennustamiseen

Ohjaaja Prof. Jouko Vilmunen
Tiivistelma

Tassa tutkielmassavertailaan 22 eri LSTM- ja GRUneuroverkon soveltuvuutta
Yhdysvaltojen taloussyklien ennustamiseen. Valittujen neuroverkkojen tehtavéa on lu
paivan ennusteita valitulle selitettéavalle muuttujalle kayttamé&lldn aikaisemman paiva
havaintoarvoja26:sta indikaattoristaValittujen mallien optimoimiseekéaytetaanhavaintoja
ajanjaksolta 198Q005 ja niiden arvimtiin ajanjaksoa 2002015. Suorituskyvyn
arvioimisessasovelletaankeskinelitvirhetta ja keskiabsoluuttistavirhettd. Taman lis
aikaisetsignaalitsyklin kdantymisestadhdaan suotuisina.

Neurowerkkojen parametrien optimoiseen kaytetty algoritmi siséltaa tyypillis
syvaoppimisen menetelmi&ustannusmaaritetdankayttamalla keskinelidvirhettd ja L1
termid. NAG-algoritmia kaytetd&n parametriarvojen paivittamiseen, jolle harjoitus insti
sydtetdadn 32 kappaleen eris€ptimoiminen keskeytetagennen takarajaamikali saadaar
merkittavia  viitteitd  optimoitavan  mallin  ylisovittumisesta. = Jokainen  va
neuroverkkarkkitehtuuri treenataan kolme kert@anaiden kolmen neuroverkdnottamien
enrusteiden keskiarvoja kaytetadan pohjana eri arkkitehtuurien vertailussa.

Suorituskykyé tarkasteltaessauutama LSTMneuroverkkopystyy saavuttamaan mui
vaihtoehtoja paremman tarkkuud&faikka suorituskyvysté kertovatlokset suosivat valittuiji
LSTM-arkkitehtuureita, erot LSTM- ja GRUneuroverkojen suorituskyvyssa ovg
keskimaarinpienia. Toisaalta GRU-menetelmat pystit tarjpamaan vahemman vaihte
arkkitehtuuren keskinaistemeuroverkkojen suorituskyvyssé@uttatama eikuitenkaan johdg
vakaampiin ennusteisiinSen sijaan, parhaat suorituskyvyt antavat LSTM-neuroverkot
erottautuvat muista tarjoamalfauita vakaampiaennusteitajotka myds eroavat todellisistg
arvoista muita vahemman.u@®in osa tutkituista malleista tuottaa huomattavararéré
signaaleita sglin vaihtumisesta ennen vuon2807 alkanutta lmaa Seka pienet etta suur
neuroverkotselviavatsyklin ennustamisesta péépiirteissaan hyvin, minka takia L-SaN
GRU-neuroverkkoja voidaan pitdd varteenotettavina vaihtoehtoina tgldiess
ennustamisessa. Taman lisaksi, tulokset kannustavat soveltamaan aepigian
koneoppimismenetelmid/hdessd usean muuttujan aikasaijeeistojen kanssaellaisiin

makrotalouden ennusteongelmijoihin ei aikaisemmirole |6ydetty tarpeellista takkiutta
saaviittavaa ratkaisiia

Avainsanat | Taloussyklit, ennustaminen, koneoppiminen, neuroverkot

Turun kauppakorkeakoul u A Tur ku

Schi






\\\\W/

atsS OF TURKU

Turku School of
Economics

L}j’/ UNIVERSITY

PREDICTING U.S. BUSINESSCYCLES WITH
RECURRENT NEURAL NETWORKS

An Extensive Multivariate Time-seriesAnalysis for Comparing LSTM
and GRU Networks

Mastels Thesis
in Economics

Author;
Markus Makela

Supervisor:
Prof JoukoVilmunen

23.6.2020
Turku



The originality of this thesis has beeimecked in accordance with the University of
Turku quality assurance system using the Turnitin OriginalityCheck service.



TABLE OF CONTENTS

1 INTRODUCTION ..ottt ereee e e ammm e e e e e e e e e e e e ennnamnns 7
2 THEORY REVIEW ...ttt et 9
2.1 TIME-SEIIES ...cettteiieeee ettt e ena bbbt e e et et e e e eeemnneees 9

2.2 U.S. DUSINESS CYCIS ....coiiiiiiiiiiiie et ereer e 11

2.3 Business cycles as a dynamical SyStem............ccooovviiiiiieeeneeeeeeiieeeeeiiinns 12

2.4 Supervised maching [ arniNg.............eeeeviiiiiiiiiieenieeee e 13
2.5 Bias-variance trade-off ..........ccccuiiiiiiiii e 15
2.6 PrepPrOCESSING.......cceeiiiieiiieieiiiieeme e e e e ettt e e e emme e e e e e e eeaeaeeeans 17
2.6.1 Linear interpolation...............ccooovvvivvieemen.. 17

2.6.2 Detrending..........cvvveeiiiiiiiee e 19

2.6.3 Min-max scaling.............ccoovvvvviviiicmreeennnns 19

2.6.4 Traintest split........ccceeeeeiiiiiiiiieeee e 20

2.7 DEEP lEAMMING.....cce e i e e e e e e e e aes 22
2.7.1 Recurrent neural networks....................... 24

2.7.2 Long shoriterm memory cell...................... 26

2.7.3 Gated recurrent Unit...........oooooeiiiiiiieennnnn. 28

2.7.4 Deep neural network architectures............ 30

2.7.5 Training epoch..........ccccvviiiiiiiiiiicceiiiieeee 30

2.7.6 Forward pass and cost function................ 32

2.7.7 Backpropagation through time.................. 34

2.7.8 Nesterov accelerated gradient.................. 36

2.7.9 Learning rate..........ccoeeveeveiiiiiiiiceeiee e 39

2.7.10 Parameter initialization......................c.ceeee. 40

2.7.11 Training process and earlyogping.............. 41

2.7.12 Deep learning hyperparameters...............43

3 LITERATURE REVIEW ... eemmme e 44

3.1 Deep learning for time-series analySIS.............uuuuuurmiiinicemeeirenniane s 44



3.2 ThenovelRNN met hodsd performance..i.ndst he previ c

3.3 Review of the previous related research in finance and economics......48
3.3.1 Related research in finance....................... 48

3.3.2 Related research in economics................. 50

3.4 Conclusions of the previous literature............cccveeeeeeiiiiieeeiiieiieeeeeeeeeeeee 53

4 METHODS .ottt et e e e e e e s nmme e e 55
L R I -\ = PP 56
A o =T o o ToT =TT T o 64
4.2.1 Detrending and scaling..............cccccnneee 64

4.2.2 Interpolation and reshaping....................... 65

4.2.3 Traintest split......cccoeeeeeeieeeiiiiiiieee e, 67

4.3 Recurrent neural network Selection............cccoocuiiiiiiiieec i) 68

O RESULT S e e e e e e e e e 73
5.1 Architectures and the training ProCESS.........uuuueiiiiiieeeeeeceeeiiciee e e 73

5.2 Model capacity and performance............ccccoeevviiiiiiicee e [ O

5.3 The performance of the small architectures...........cccccoevvvvviiiiccciiieeeeenns 81

5.4 The third GRU-4 Iteration ...........cccoiiiiiiiiiiiiieeeiiiiiiee e 83

5.5 The large architectures and overfitting...............ooooiiiiiiimeennnniiee 85

5.6 The performance of the midsize architectures.............ccccvvviiiiiiicccennnnnns 89

5.7 The DeSt arChitECTUIE.........uiiiiiiiiiiiii ittt 91

6  CONCLUSIONS ... e e e e e e eeees 93
REFERENGCES. ... ..ot ee e e e eene e e e e eeees 95
APPENDICES ... ettt ee e n et e e e e et e e amene e e eeeees 104
AppendixX 1. LSTM reSUILS.......ccoiiiiiii et e e 104

Appendix 2. GRU FESUILS.........coooiiiiiii e eeeee e 110



LIST OF FIGURES

Figure 11 DyNnamicCal SYSTEIM........uuuuuiiiiiie et rnne e e e e e e e e eeeeeeeeees 12
Figure 2i Related dynamical SYStemMS........cccceeeeeeiiiiiiieeei e 13
Figure 3i The biasvariance trad®ff (Goodfellow et al. 206, 118, 128)................. 16
Figure 4i A depiction of linear interpolatiQn.................eeeeiiiiieeciiiiiiiiiiiieeeeeeeee 18

Figure51 A depiction of a typical relationship between model capacity, training error

=T T0 I (= 2S] 1] o =T o oSSR 21
Figure 61 A multilayer PerCePtroN..........ccoiiiiiiiiiiiiieeee e e e e e eeeeannees 22
Figure 7i A depiction of a classical recurrent Unif..............cccuvvimiieemnciiiiiiiinene 24
Figure 8i A depiction of a recurrent neural Nnetwark.............cccoevviiieec e, 25
Figure 91 An unfolded computational graph...............coeeeeiiiiieeeiii e 25
Figure 10i A long shortterm memory Cell..........ccooeeiiiiiiiiiiiceeic e 27
Figure 117 A gatedreCurrent UNiL............oooeeiiiiiiiiiiicme e 29
Figure 121 A training [OOR ... ...uuuiiiiiiiiiiiiiiii ettt 31
Figure 13/ An error cuve comparison between MSE and MAE................ccco...o. 33
Figure 14i A gradient descent step for one parameter..............cceeevvieeeeeeeeeeeee. 36

Figure 15 A threedimensional illustration of how a cliff affects a training process

(Goodfellow et al. 2016, 285)......ceeiiiiiiiiiiiiiieiieeeeeee s 37
Figure 16/ A comparison of gradient descent updates with and without momentum

(Goodfellow et al. 2016, 293)........coovveieiiiiiiiimr e 38
Figure 171 The [earning rat€ QUE.............uueiiiiiiiiiiiiieeeieiiieee e 40
Figure 18 Error curves for the training ProCeSS..........uuuuuureeerieiieesirrieeeeeeeeeeeeeenns 41

Figure 197 Forecasting performance (SMAPE) of the ML and statistical methods

included in the study (Makridakis et al. 2018,.15)...........ccccevriiiiieeen... 45
Figure 20i Forecasting performance (SMAPE)ses computational complexity

(Makridakis et al. 2018, 18).......ccccceveeiiiiiiiiiicceee e 4B
Figure 211 Preprocessing Phases.........cocuvuiiiiiiiiieecece e veeee e 64
Figure 22 A depiction of X and Y........ooouiiiiiiiiiiii e 65
Figure 231 A depiction of X and Y examplesS........cccooviiiiiiiiiecciee 66
Figure 24i Combined interpolation and reshaping function............ccccooevvviacee 66
Figure 251 The traiftest Plit.......ccooiviriiiiiei e 67
Figure 26/ Recurrent GRU or LSTM neural network architecture......................69
Figure 271 The architectures and the number of parameters...............ccccveeennnes 71

Figure 28 Architectures and epoChS..........coooiiiiiiiiiieee e 74



Figure 29 Errors for single iterations and ensembles..............cccovvvveeee e, 76
Figure 301 Variance per arChiteCtur..........cooovvveeiiiiiiccceeeeeeeeeeeeeeeeeee e 9
Figure 311 The average estimates for the three smallest LSTM and GRU architectures

82
Figure 32 The third GRU4 HEration.............uuuuueiiiiiie e e e vveeee s 84
Figure 331 Model capacity and fit............cccueeiiiiiiiiieeeiieee e 85

Figure 34 Test set MSE over the training epochs the three largest LSTM and GRU
AICNITECIUIES ...t e e e e e e e 86

Figure 35" The average estimates for the three largest LSTM and GRU archite®Bures

Figure 36i The average estimates for three midsize LSTM and GRU architectl86s

Figure 371 LSTM-32-16 PrediClioNS........ccuviiiiiiieiaeeiiiieeee e ee e 92
LIST OF TABLES

Table 1i U.S. recessions between 1980 and 2015 (NBER, 2019h).................... 11
Table 2i Abbreviations for the data tables............oooooiiiiiiiiccee e 57
Table 3i ECONOmMIC variables...........ccoooee i eeeeeeeee e 57
Table 4i Financial variables............ooooviiiiiiiiie e 60
Table 51 Behavioral variables..............eeeiiiiiiiiieeeiiiiieeeee e 62
Table 6 The selected recurrent malinetwork architectures.............cccccccvvviiieneee. 70
Table 7i Architectures and epocChS............oooiiiie e 74
Table87 Architectures and MSE for ensemhles..............ooevvviiiiceciiiiiiiiiiiiiiieeeeen. 78
Table 9i Architectures and MAE for ensembles...........cccooooviiiiicce s 78

Table 10 LSTM-32-16 PerfOrmManCe........ccccuuuuiiieiiiiiimmmeeiie e e e e e eesmmme e 91



1 INTRODUCTION

Accurate predictions of business cycles could give valuable information for decision
making, ranging fr om i nabuntercydligahnhasr@economic s U mj
policies However, predicting these fluctuations, especially the timing of receshamss,
been proven to be a difficult task (Rudebusch & Williams 2008, 2; Zarnowitz & Braun
1992, 21), making it an interesting area to try to develop more accurate methods.

According to universal approximation theorem by Hornik et al. (19839,364), a
feedforward network with at least one hidden layer and nonlinear activation functions,
can theoretically represent any function, linear or nonlinear. This unprecedented ability
to represent functions that have been difficult with other cumethods has made arti-
ficial neural networks (ANNSs) stand out in problems that demand a very high modeling
capacity from the applied model. However, finding a suitable ANN and optimizing its
parameters has been found challenging, but lately, together aithenhanced methods,
suitable data and computational resources, applying these methods has become more con-
venient. (Géron 2017, 258; Goodfellow et al. 2016,-280.)

Because of these advanaetated tofinding suitable ANNs and optimizing them,
togethemwith a large amount of existing economic data, these methods can be recognized
asnoteworthy tools for economists aedpecially for making prediction¥#rian 2014,

1, 6, 2021). The predictionandinsights that arenade by using thesmphisticated ma-

chine learningmethodscan be particularly helpful for policymakers in new ways that

were not commayror even possiblevith standard econometric methods (Basuchoudhary

et al. 2017, 1). However, using ANNSs in the domain of economics is relatively new, but
int eresting, becaus e allify totmbdel many reavarld proro d e |
cesseshatappeato include nonlinearity (Binner et al. 2004, 2).

This study compares different size recurrent neural networks (RNNSs) in predicting
business cycles for theS. The proposed RNNs cons$either long shorterm memory
cells (LSTMs)or gated recurrent units (GRUm)d theyaretrained with multivariate data
tha comprise27 time-series of several economic, financial and behavioral indicators.
The RNNsare configured so that, peexample, each model us2@ explanatoryaria-
bl es & o bferéhe prezious400ndays to generate a-8ay forecast of the 1S.
businesgycle The esults for the comparisaredone by using a traitest split, where
the modelsaretrained with data from the time period between 1980 and,20@beval-

uated by using the tafrom the following ten yearg&ach proposed RNN architectuse



trained threg¢imes to counter the randomness and stochasticitynéataining algorithm
introducedo the parameter optimization process.

The researchs conducted so that it answers the following three research questions.
Firstly, does the proposed methods suiidoeting business cycles. Secondly, how large
RNN architecture appears suitable for the task at hand. Thirdly, which method, LSTM or
GRU, suits better the prediction problem.

This studyexamines methods that are relatively little studied in the domaiooef e
nomics angsimultaneously, they appear to offer a vast number of potential applications.
For this reason, thistudytries to offer a reference point for the following studies, and
hence it concentrates on applying only common and approved methodmdindocus
is on exarming the rformancerelated effects of using different RNN models. The eval-
uation is done by using typical performance metrics, such as mean squared error (MSE)
and mean absolute error (MAE). However, to gain a deeper understaihe@iptpts of
the predictions for the testing set are examined. Appropriate early warning signals are
considered beneficial, but evaluating themeisognized somewhatibjective. Thus, the
evaluation favors more objective indicators.

The research is orgamed into five separate sections. The theoretical background is
split into two separate chapters. The first chapter concentrates on presenting the necessary
theoretical foundations related to the business cycles;dmes analysis and the chosen
methods The theory review should offer the necessary knowledge for understanding the
results and the motivations behind the chosen methibésefore in order to serve com-
mon economics practitioners, the selected deep leatBihyy methodsare introduced
carefully. The second chapter introduces the related literature that comprises the previous
studies related to timseries analysis, finance and economics. The previous studies indi-
cate the proposed met hods 6 suggestigseitabdeas and str
plications. The literature review also presents a timeline that helps to connettidyis
to the existing work and further motivates using these novel RNN methods for complex
macroeconomic prediction problems. After the relatedrthand literature are reviewed,
the chosen methods are examined in more detail in the fourth chapter. This chapter covers
the data examination, the selected preprocessing methods for the data, the training algo-
rithm and the proposed RNN architectures #ratused for generating the results. The

results are examined in the fifth chaptéat is followed bythe conclusions



2 THEORY REVIEW

2.1 Time-series

In essence, timeeries data is a collection of points arranged in chronological order. A
time-series can bdefined as

Op 0D pBAY,
wherewy, is atime-series foratime interval ph'Y, w is either a scalar or a vector that
includes the realizations for time stépnd”Yrepresentshe number of captured rézd-
tions. If the realizatione for the time interval are scalars, tti@e-series is onglimen-
sional, but if they argectors, the timeeries is twalimensional andan be denoted as a
matrix @ ;. Continuous processes can be tracked by collecéngrdsof the process
overtime, creating a discrete tingggnal. In timeseries analysis, the examined processes
are often stochastic, meaning thatséneollectedealizationsw are generatedy some
random procedhat draws these values from sosekeof all thepossible values according
to somedistributionfunction (Lutkepohl2005 1-4.)

According to Langkvist et al. (2014;4, timeseries data has several unique prop-
erties that distinguigsit from other types of data. The following descriptiointhese
properties followghe structure anadontentthat they used in their study

Firstly, timeseries data usually contains noise that can make it harder to find valuable
informationfrom the data. For example, in the area of economics, the dailymemte
are not usually important when trying to extract information about the macro trends that
occur more slowly and are not affected significantlysall frequentshortterm move-
ment.

Secondly, the underlying process might be very complextaacefore, understand-
ing and modeling it tolerab)yevenby analyzing all the available tirseries datamight
still betoo challenging or even impossible with the best possible techniques available.

Thirdly, time-series data can have the same valuaffarent time steps, meaning
either the same or something edepending onfor example, some previous values. Mod-
eling this timedependency correctly is challengifiy many reasons, but alé@cause
the length of a sequence for capturing ttglationskp could be unknown. Thjsn turn,
could makehe selection of a suitable moagld the related methodsficult.

Lastly, there isstatonarity. Since a realizatiom can be capturednty once at any

given time unito, it is not possible to identifithe mean orvariance of althe possible
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realizations ofw per time unitd. For example, it is impossible to observe two or more
different realizations of the S&P 500 index at any given time unit. However, the mean
and covariance can be calated forsome timeserieswy, by using the realizations over
some time intervalpR'Y. For example,ri order to use several popular autoregressive
models and their extensions, the tisexies data should be weakly or strongly stationary.
A time-seriess weaklystationary if

O®w * andd ¢ who IR P,
meaning that the expected valudor a realizationw is a constant, anthe covariance
between values) andw  depends only on thedistance between each other, denoted
here asQ Strong stationaritys achieved whentims er i es val ueBsngd di stri bu
invariant. For example, tirgerieswy, is strictly stationary if the joint distribution func-
tion is identical for any two diérent subsets abj, thatsharethe same length, such,as
wWp andw f . (Hamilton 1994, 4816; Tsay & Chen 2019, 2.)

Time-series analysis is a method for extracting knowledge fromdenies data. By
performing a timeseries analysis, one céeter understand the past, but also, use the
extracted information to make predictions about the future. (Nielsen 2019, 1.) To make
predicting plausible, data from important variables should be available, and it should con-
tain useful information related tbe future developmesibf the chosen variable or vari-
ables. With this data, some functi@O can be found that could be used to make predic-
tions for one time step p or several time step® phd "Q ahead The latter type of
method is calledequencao-sequence predictingnd it ca be demonstrated for variable
wby using multivariate data as follows

W Q0 fh—, 5
wherew | denotes a sequence of predictions for an intetvalphd  "Q, & j the
input matrixcontaining severalayr i ab |l es 6 s etimaistepsi B andat a f or
the function'Qparameter values. (Lutkepohl 2005, 1.)

Various different models can be used for modeling the relationships beiwvegn
andw  ,butsome of them suit the problem better than the others. Finding a suitable
model can be recognized as a model selection problepthaursd it is related to the area
of machine learning (ML). Thistudy applies the typical ML approaches for finding a
suitable model for the task at hartlkdatis modeling the relationships between the past

values of the chosen 26 indicators and the futahees of the LS. business cycle.
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2.2 U.S. businesscycles

Mitchell (1927, 468) describes business cycles as fluctuations in the economic activity
that affect the major portion of an organized community, and are not seasonal but rather
occasional in their nare. Each cycle includes one upward and downward motion, also
called respectively as expansion and recessfanious definitions exist for these con-
ceptsand therefore different actors might have different views on the economic situation

of different @onomies. Forthe S, the Nat i onal Bureau of Eco
ness Cycle Dating Committee determines the dates it ieconomyhasa recession or
expansionAccording to NBER (201 this decision is made by analyzing economic ac-

tivity in the US. broadlyand

AA recession is a period between a peak

bet ween a trough and a peak. o

The historical record ahe recessionsintiéS.can be found frlom NB
but also from the Feder&eserve Economic Data (FRED) datatfaitis study com-
prisesthe time periodetweerl980and2015. During thatime, the US. has experienced

five recessions, shown in talle

Table 117 U.S. recessions between 1980 and 2015 (NRE2019b)

Peak Trough Length (months)
January 1980 July 1980 6
July 1981 November 1982 16
July 1990 March 1991 8
March 2001 November 2001 8
December 2007 June 2009 18

Between the years 1980 and 2015, th®. Uas spent most of the time in economic ex-
pansion. The economy has spent a total of 56 months in recession and 364 months in
expansion. Recessionsd share of the ti me
significantly rarer than the expansions, hat rare enough to be recognized as outliers.
Though their scarcity makes the process of learning to predict them difficult, there are no

appropriate methods to overcome these disbenefits.

L http://www.nber.org/cycles/cyclesmain.html
2 https://fred.stlouisfed.org/series/!USREC
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2.3 Businesscycles as a dynamicalystem

In economics, a sequence isubset of reahumbers for some time interv&{Giordano
et al. 2013, 7). In this domain, the interval under consideration is typically limited to
0 mh kb,

(Bamett et al. 2015, 1751), wheredenotes the first realization available. A dynamical
systen is a process that generates realizatoves timethat can be stored in a sequence
to form a timeseries. By using thenownrealizations, it is possible to describe the change
from one time step to the xteby estimating some functiof(Giordano et b 2013, 57).

The economy can be seen as a dynamical system that evolves in time, generating
realizations whose fluctuations can be defineolesinesgycles. The classical dynamical
system can be describad follows

i Qi h—
wherei  resembles the state ofetlsystem at discrete time st@mndit is defined by
some functionQprevious staté  and some set of parameters . One important as-

pect of thisprocesss that it is recurnet, meaning that the state is dependent on its
previousstates, as depicted in figure (Goodfellow et al. 2016, 369.) In addition, the

formula can be decomposed to show the recurrence

i "QQ h— h— h—

() D
Figure 17 Dynamical system
This type of dynamical systemods exckianmlge over
dynamical systenh , thatis unique but has similar properties the first dynamical
systemi . The function for the first dynamical system can be now written as
i Qi A h—
where the first dynamiodepehdsgnytspreeicoudssitest at e at

some external siy sandsonieset of parametarst, asslep@tedan
figure 2 In this type of situation, orghouldalsounderstanavhat isthe seond dynamical

sy st e mmsthedirst dymamical system.



Figure 271 Related dynamical ystems

As mentioned earlier, these types of systems can be tracked by collecting realizations
over time. The resulting tirgeries allow creating models that to replicate the rules

that define how the dynamical system evolves in time. As mentioned previously, the
economy can be recognized as a dynamical process that affects and is affected by several
different other dynamical systems. Because of thesbw#s, it is justified to use multi-

variate datdhat includes some set of-salled leading indicatorshat comprises infor-

mation of several dynamical systerftg predicting business cycles (Qi 2001, 3831).
2.4 Supervised nachine learning

Machine learningML) is defined by Samuel (1959, 1) as a way to program a digital
computer so it can be thought to be able to learby Goodfellowet al.(2016, 96) as a
study of designinglgorithmsthat can learn from data.

ML has a close relationshipith other common data analyzimgd modeling tools
since they share several methods and téaisording to Varian (20145-6), in statistics
and econometrics, the data analysis can be broken into four categories: 1) prediction, 2)
summarization, 3) estiation and 4) hypothesis testirtge suggest thatthe major dif-
ference between MLcommon statistics and econometrics is that where statisticians and
econometricians focus primarily on insights and relationships that can be found from the
data, ML concemaitesmostlyon making accurate predictions. Thus, ML should be con-
sidered when the focus is on predicting.

Machine learning can be divided into two main clastedtarea predictive and de-
scriptive approach (Murphy 2012).2T'he predictive ML algorithmsan be used for pre-
dicting some missing information by usisgmeknown information, and the descriptive
ML algorithmsare typicallyused for finding and describing patterns in data. The algo-
rithms for the predictive tasks are commonly trained by usipgrsised learning meth-
ods and the latter by using unsupervised learning methods. It is also good to acknowledge

that there are many other ways to classify different types of machine learning, but they
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are out of the scope dfis study, which only appliesupervised learning algorithms for
business cycle forecasting.

In supervised learning, algorithms are provided with iqauput pairs(Hastie et al.
2009, 29; Goodfellow et al. 2016, 10&putscan be defined, for example, as a matrix
©ON a8 whereQepresents the numbefr@xamples or rows in the data afiepresents
the number oéxplanatory variables deatureslin turn, similarly to the inputs, also the
outputs can be defined by using some common data object, such as axmadrix or
avectoro™ A, depending on the number of dependent variables

A supervised machine learning prediction problem can be described with the follow-
ing equation:

Q® h— o
Here the vectot represents th&) examplethatis on row 0n thedata matrix. "QO
represents some functioasthe f unct i on 6 s pha outpusfdr & - a n d
puts. In supervised ML, the task is iyglly to find some functionvith someset of pa-
rameters that is able to achiesatisfying accuracat mapping the known input values
into estimated output valu#isat are as close as pitss to the real output value@/arian
2014, 6; Goodfellow et a016,103-105.)

In machine learningt is recognized thahere are plenty of different types of models
that suit different types of tasks and ddtherefore much of the ML theories and meth-
ods concertiinding a suitablemodel fora givenproblemand dataFor example, classi-
fication, regression and clusterimgsks have their own typical models and other data
related techniques, but behind it all, there lies a fundamental theory that motivates ques-
tioning the currenttommonpracticesand testingnhew methodsAccording to Wolpert
(1996) and Wolpert and Macreaflyl. 99 7) papersd mat hemati cal dem
lutely no assumption about the data or the task is made, no oroagrithmis better
than all the other possib#dternativesn every different taskTherefore, in this situation,
one should evaluatal the possible@ptions also called the hypothespacein order to
find the solutionthat fits the giverproblemthe best These theorems are called the No
Free Lunch theorems (NHbeorems), and they are recognized as one of the most im-
portant theoes in the field of ML.

However Géron (2017, 31) notes that practice evaluating all the different possi-
ble models is impractical, or even impossibléghwthe scarce resourcaad hence some

assumptions about the data and the task should be madieit@narrow down the set
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of algorithmsto evaluate. Therefore, even though there lies a significant motivation for
trying out all the known models and methods when creating systems that can learn, the
previous work in the fieldhasa significant role inthe human ath computing resource

allocation.
2.5 Biasvariance trade-off

Bias,variance and their traetdf are fundamental at understanding the essential concepts
of machine learning, such as undand overfitting, generalization error ancdel! ca-
pacity,which build the framework for finding a suitable model for sgmnedictiontask.
Typically, eror in an estimator can be divided into two components: bias and variance.
Bias addresses the amount of error that
from the real value, and variance tells how much error is generated feahevtation of

the expected prediction from the real prediction. (Goodfellow et al. 20161220Ge-

man et al. 1992, 2.)

In this study, the mean squared error (MSE) i€ tmost important error measure
because its usedin parameteoptimizationand modekevaluation By following Mur-
phyo6s ( 2d@atds, we 2ad @jive the expected bias and variance for the expected
MSE as follows

DYOM © &
0YOM o © o & .,
0DYOM w Cw VM ®» o w
0DYOM v W W,
0YOU O 20w,
0 "YO U i "Qd &0
Here,wstands for the predictiony for the real value, angfor the expecte prediction
for a given inputThe expected MSEndthe expectegredictionwcan bediscoveredy
testing the model repeatedly by using a large number of training data and then averaging
the result (James et al. 2013, 34).

Fromthe decomposition, one can see thatorder to minimize MSEboth variance

and bias should be decreagddwever, theyare connected to model capacity, as depicted

in figure 3.
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Figure 37 The bias-variance trade-off (Goodfellow et al. 2016, 118, 128)

Geneally, the models withtoo low modeliy capacityfor modeling some datind to
have high bias and lowariance andin turn,the models that posses® much modeling
capacitytend to have small bias but higariance This happens because the more capable
models are able to model the random noisééndata and lw@metoo sensitiveto small
changes in the input datad thus,gain more variance when tested with unseen data.
This phenomenon is also called overfittihgturn, underfitting occurs when usingsuf-
ficient models thaaretoo constrainedo find a suitable fit for the datahese two phe-
nomena are interlinked by the modeling capacity, andftiraya theory called the bias
variance tradeff. (Goodfellow et al. 2016, 12728; James et al. 2013,-38.)

An estimateoamo d e | 6 s ranae,ealsopcalledfthe generalization error, can
be obtained by testing the model with examples that are not used foritapizgmeters.
This estimation is usually done by dividing the available data into two or more folds that
are then used either tmin orto test the model(Goodfellow et al. 2016, 16811.)In
this study, the generalization error is estimated by dividing the whole data into two folds
where one is used for model training and the other for estimating the generalization error.
The mehods used inhis study for dividing the data into traing and teshg sets are

examined in more detail in secti@rb.4
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2.6 Preprocessing

A dataset is seldom instantaneously ready to uskllfotasks. Instead, it is usually pre-
processed so that it suits better the chosen models and parameter optimization methods.
In fact, finding good quality data and preprocessiragaordinglyis found as one of the

most importanareasn ML. (Nielsen 201917; Géron 2017, 26.)

In thisstudy, the motivation for the chosen preprocessing methods comes from three
sources. Firstly, deep learning solutions prefer particular types of properties from the data.
Secondly, timeseries data has its own ways when it cetaepreprocessing. Thirdly, the
preprocessing should be done in a way that is also possible in the production environment.
Essentially, this means that the preprocessing methods should not use information from
the time steps that are ratownat some pdicular moment for some particular instance.

In thisstudy, for convenience, only the future information is cropped when preprocessing.
It does not take into account the lag between the date when a realization occurs and the
date when it is actually reless.

The timeseries data used in thisudy had several imperfections, such as missing
values, incoherent value scales and trends. These defects have been handled by using

common preprocessing methods that are introduced in the following section
2.6.1 Linearinterpolation

The data used in thstudysuffers from missing values thiatostly originate fromow-
frequencytime-series In order to obtain more data for the dhtangry deep learning
methods, daily data is used. Hence, all the ts@s with a lower frequency demand
upsampling.

Interpolation is a common method for handling missing values and upsampling. It
approximates missing values antimeseriesby using their neighboring data points. In

this study, a linear interpolation is udewhose equation is

where @ o and ® ho are the known data points that are used for

finding the missing coordinate or «w . Linear interpolation can also be used to fill a

chain of missing values, for example, when upsampling quarterly data into daily data.
Figuratively, it draws a line betweetwo known realizations and the missing values

that rangare filled by using tis particular line, as depicted in figure 4.



18

y @ realization
@ missing value
interpolation : data sequence
buffer
Vie+1)
Yy
Yie-1)

Xe-1) X0 Xer1) X
Figure 41 A depiction of linear interpolation

If there are no realizations before or after the missing value, the adjacent slope can be
used. In thisstudy, the previous slope is used for the last missing values that would not
otherwisereceivea value. As depicted in figure the missing value foirhe stepd ¢
would be set by using the slope determined by the realizations for timedstgpand
0 p. Inturn, when dealing with the first missing valuiss same slope could be used
However, in thisstudy, the previous realizations are used fotredminingthesemissing
valuesin order to get more accurate tirgeries. Thus, for example, the realizations for
time step® oandd p are used for determining the value for the missing realization
ontime ste@ (. Here, the orealization is drawifrom outside of the da sequence
under consideratioan area called interpolation buffer. This method should not be used
for the last missing values if one wants to simulate a situation where there is no infor-
mation about future values and prevent tfteeamentioned lookahead effect.

Linear interpolation has some defects. Firstly, the realizations of a dynamical system
seldom follow the aforementioned equation. Hence, a$ienes that is impaired of miss-
ing values cannot be fully repait®y using linar interpolatiorand thereforetime-series
with fewermissing valueshouldbgopr ef erred. Secondl vy, the
to provide valuable information about the missing value or many values between them
might be weak, for example, when tsignal is very similar to a random walk or is oth-
erwise very volatile. Thirdly, if used ino@ctly, it might also providéookaheadnfor-
mationto the data. (Nielsen 2019, -48.)

Even though of these defects, interpolation is a useful method for handling the miss-
ing valuessince it enables the use of some valuable-8erées. Moreover, the trends in
macroeconomic data tend to be medium and-tengm movements, making the short

term variations less significant anthereforeallowing more shorterm imprecision from

adj ace
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the datahat in turn, suppors usingfairly simple methods for handling the missing values

in this study.
2.6.2 Detrending

A trend in the context of timeeries data is tygally a systematic change that is not sea-
sonal. A trendn a timeseriescan be detected, for example, by examintaglot or by
testing itsstationarity. In economic timseries, trends are typical because several eco-
nomi ¢c pr oces s e 9d0ntheiepreviouzvaltieEhany and Qi €2002;12005)
showedthat if a timeseries contains trends and seasonal variations, both should be pre-
processed before feedirigo an ANN model. Furthermore, Qi and Zhang (2008) demon-
stratel that differencing shodlbe used for detrending a tirseries.

Because ANN models can deal with nonstationary data, stationarity tests are not im-
plemented in thistudy, and differencing is used ftwandlingonly the timeseries with
notable trends that can be detected by expgdatheir plots. The differencing is done by
using the previous time step valido deseasonalizatias implemented to the timse-

ries, but several already deseasonalized-seresareused.
2.6.3 Min-max scaling

When usingdeep learning, the data is typically scaled between 0 and 1 (Bengio 2012,
447). Because many scaling or normalization methods use minimum and maximum val-
ues, they are vulnerable to trends and outliers. If a trend continues after the parameters
for the scling function are set, it is likely that the future data can cross the boundaries if
the scaling parameters are not adjusted. The notable trends are handlesturlytaisd
therefore the common mimax scaling equation

@ 0w 0o fo w o,
should be feasible for scaling the tiseries data. In mimax scaling, some valdeom
a timeserieswy or the whole timeseries,is scaled by usings the smallesto  and
highestw  value. Each timeseries is scaled sejpaely.

Although this method is popular, it is vulnerable to outliers because it utilizes the
minimum and maximum values. The data used in this study is relatively smooih, and
does not seem to include significant changes that could not be explained. Moreover, for
this particular application, some rare values typically have a reasonable explanation and

therefore might be necessawhenpredicting business cycles.
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2.6.4 Traintestspit

To estimatehe generalization erroof some modelwhich is the expected value of some
chosen error measure, such as MSE, when averaged over the future data, one can use a
common method called a traiest split. It is applied by dividingdata set nce into two
separate sets: the training set, thatsed f or opt i parametarsgandtiee mode |l s ¢
testing setthat in turnisused for testing the model soé6 perf
examples hence yielding an e ationema Geodfaldwet he model ¢
al. 2016, 108111; Murphy 2012, 23.) One crucial aspect of this method is to define the
training and testing seits a way thasimultaneously maximiz¢ he model s6 per f or ma
and the accuracy of the generalization error esénfaurthermore, when defining the
split, a tradeoff should be acknowledged. Since, generally, the more data is used for op-
timizing the model, the better the model performs, and in turn, the more data is used for
evaluating the model, the better estimafté¢he generalization erras achieved. Hence,
when using traiftest split, it tends to give pessimistic estimates of the generalization er-
ror, compared to what the models could achieve by using the whole available data. More-
over, the sets should be sontew similar to each other. The training set should contain
the information, the soalled general patterto be learneagnd the testinget should test
how well the models learned to model this pattern hedcejt needs to contain a suffi-
cientnumberof examples abouhe general patternGpodfellow et al. 2016, 10811.)
When dealing with timeseries datayoth, the training and testing set, should contain
a continuous sequence cdnsecutive examplebat form acontinuous time window
Furthermore, when trying to predict the future by using past information, the sequence
used for testing should contdime newer data points, and the training setdlter data
points, in order to simulate the rddié use case Nielsen 2019, 343
As introduced inthe NFL-theoremsthere is no universally superior model for every
possible prediction problem. Instead, any model from the vast hyposipesisshould
be considered as a possible option if no assumptions are made concerning the task at hand.
A modelsuitable is commonlyound based orthe biasvariance trad®ff framework
together withsome performance measures that guide the decisions concerning the model
capacity. Generally, a complex problem demands a model that is able to modecompl
relationships and viceersa (Goodfellow et al. 2016, 1-12.3).
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As is introduced earlrethe evaluation of the generalization error is fundamental for
the model selection process. Now the generalization error can be estimated to some de-
gree by using a traitest split as showrn figure 5 If the sets for training and testing are
ideal, the error obtained by testing the
generalization error. Hence, when the model underfits or overfits the data, the testing error
should increse due to the biagariance trad®ff. A model with less than the optimal
modeling capacity has trouble to capture the general pattern adequately. Though these
models cannot offer the best performance, they might be useful for providing information
about he task at hand, possibly about the most important relationships. When the model
capacity is increased over the optimal value, the model can adjust itself bettaramthe
ing set specific noise and other irregularities that weakens its ability to merfell with
unseerexamples in the training s€Goodfellow et al. 2016, 10814, 127128; James et
al. 2013, 3336.)

4 .
r — Training error
Testing error

Error

\ Underfitting zone Overfitting zone
N\ \(high bias & low variance)| (low bias & high variance)

e — — — — —

Optimal Model Capacity -

Figure 57 A depiction of a typical relationship between model capacity, training
error and testing error

Thetrain-test split is done in thistudyby dividing the data into two separate time win-
dows where the latest data is used for testing and the rest for training a seleatibin of
cial neural networknodels. In order to make the testing set adequateoitld include
the general pattern, here the business cycle. Hence, the wholeetiie® data is divided
so that the testing set includes the late§ business cycle between 2005 and 201t
chosentrain-testsplit together withall the selected timseriesare introduced in more
detail in sectioa4.1 and 4.2.3.
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2.7 Deep learning

An artificial neural network (ANN) with more than one layer between the input and out-
put layes is considered deep. These types of ANNs are called deep neural networks
(DNNs) and all the methods concerning finding a suitable DNN and its parameter values
more broadly as deep learning (DlGoodfellow et al. 2018-18). Hornik et al. (1989)
proved that a classical ANN model, a multilayer perceptron (MLP) that possesses a suf-
ficient number of units with nonlinear activations function can approximate any continu-
ous function at an arbitrary level of accuracy. For this reason, ANNs are regaraed as u
versal function approximatorsSince their very high capacity to model complicated pat-
terns in data, DL algorithms have enjoyed success in extremely complex domains, such
as, image and speech recognition that were not conquered by any other models. (Good-
fellow et al. 2016, 152, 225.)

In deep learning, the model consists of numerous individual arithmetic operations
that together form a bigger entity, a networksafall functionsthat is optimized, for
example, to map input® outputsif the task isa supervise learning problemBefore
introducing the more advanced ANRhat araised in this study, a multilayer perceptron
(MLP) is explainedwhich serves as a background. A common way to examine ANNS is
by studying their architecture from a computational gragome other depiction. In this
way, the computationsight be easier to be perceivach d t he raatraitsadoc k 6 s m
be evaluated (Goodfellow et al. 2016, 01
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Figure 617 A multilayer perceptron
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Figure 6depicts an MLP with four separate layers. The model receives an inputaector
that is then transformed into an estimat& he two hidden layers in the model will ulti-
mately create two different representations of the original inputs by doing sengrid s
arithmetic operations that they feéatward to the next layer along with the related
weights. For example, an activation for uitis calculated by taking a weighted sum of
the previous | ayerds acti vat.ioedsnittlanisl t he
thenaddedto the bias ternt , following some activation functioto introduce nonline-
arity. Several different functions can be used as an aictivhinction, such asigmoid,

or hyperbolic tangent. The activation®d can now bewritten in a vector notation by
using dot product as follows

As depicted in figure Bthe activations for laydr are calculated with the previous acti-
vations®  or inputsa the matrixw that consists of the relative transposed weight
vectorsy  for each separate uriiin the layer, the bias ternd  and some activation
functionas follows

The examined MLRn figure 6 consists of one input layer, dahidden layers and one
output layer. These layer operations formulate a chainnatifuns that yields the output
win the following way

where—consists of all the parameters in the model, which are the weightnd the
bias termso . In this example, the output layer doeg apply an activation function.
(Goodfellow et al. 2016164172, Graves 2012]12-16.)

To control the modetapacity in DL, one has to adjust the architecturepasdible
regularization termssenerally, the more a model has parameters and less regulation, the
higher is its ability to model complex patterns and the more prone it is to deeffe
provideddaa. The depth of taexaminedVLP modelis three. Essentially, all layers other
than the input layer are counted. The width of a layer is determined by the number of
unitsit has Several studies have found that typically larger architectures tend te be th
most successful if they are regularized properly, especially the networks with higher
depth. (Bengio 2012, 45451; Goodfellow et ak016, 165, 19397.) Althoughtheuni-
versal approximation theorem shows thatANN with just one hidden layer and afsuf

cientnumberof units can represent any continuous functaeeper models are favored.
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Typically, depth gives more modeling capacity with fewer parameterglamngirequires
less computational resources, albeit exposing the training process to nlisrestauh as
exploding and vanishing gradients. (Goodfellow et al. 2016;1893 285287.)

This MLP model is also classified as a deep feedforward network that comes from
the nature of how the activations are propagated through the network, whichasdforw
layerby-layer. In addition to forward propagating networks, there are also networks with
connections that allow them to feed activations back into the network, called recurrent

neural networks. (Goodfellow et al. 2016, 164.)
2.7.1 Recurrent neuraletworks

Recurrent neural networks (RNNs) are a class of ANN modelsitiatie recurrent con-
nectionsin their architecture. Feeding information back into the network builds a
memorylike functionto RNN modelswhichmakes thenmore suitable fosome segen-

tial tasksthanthe typical feedforward networkgGoodfellow et al. 201,6367; Graves
2012, 1819)

Ay = O(Xy (yWyg + Xy yWip + X5 (s Wy3 + 4y _)Vyq +D)

2,(t)

Figure 71 A depiction of a classical recurrent unit

Similarly to the normal hidden units that were introduced in the MlaPhgle, a recurrent

unit & receives a bias termand inputsiat time step that are multiplied with their

relative weights, as depiatan figure 7 The addition is the recurrent connection that

multiplies someactivation at the previous time stepat ishere its own previous activa-

tion W, with its relative weighty . After these arithmetic operations, an activation

function,i s i ntroduced to add nonl i fGoadfeliovy t o t he
et al. 2016, 368B76; Grave2012, 1821.) The function for thiclassicalrecurrent unit

at time step can be written by usgavector notation as follows

~

Wp .0 ® L .
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There are a vast number of different options on how the network couldigaetes

by definng the numbeof layers (depth), choosing the number of units per layer (width)

and the connections between them. The followgingpleexample of an RNN model fol-
lows Goodfellow et al. (2016, 37276) outlines.

() Wm@ <)

w,,
w,,
Figure 81 A depiction of a recurrent neural network

An RNN with one hidden layer comprises three weight maticesro  and® , as
depicted in figure 8. The bias terms canrégarded as input noddsat feed forward a
value of one that isultiplied by a weight parameteand, thus, can be included in the
weight matrices tesimplify the notatiors. During a forward pasthe RNNgenerates a
predictionwfor time stepd according to the following equation:
which resembles the MLP model apart from the recurrent connedctions

Toillustrate howan RNNoperatesvith sequential datdhe computational graptan
be unfoldedvith respect to time steg® thathe recurrencstand out beter, asdepicted
in figure 9 The model is given the sequentigbut data one time step at a tinamd with

every input, the model is able pooducean outputfor that particular time step

X
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Figure 97 An unfolded computational graph

RNNSs are able to use past information to make prediction&Misthat consist obnly
the classical recurrent units perform poorly when modeling-teng dependencies in

sequential datéBengio et al1994) This is due to the common problems in deeprimg,
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called vanishing and exploding gradients that might occur when backpropagating the cost
to the model paramete(&oodfellow et al. 2016, 390 his ddéect makes it oftentimes
unidealto use this type of RNN for tasks that demand good handling oftéongde-
pendencies, and for this reason, the classical recurrent units were introduced only as an
introduction to the RNNs and are not used otherwise irsthidy. Instead, more sophis-
ticated methods are chosen that are able to handle better sequences wghmone-
pendencies called long shaerm memory cells (LSTMs) and gated recurrent units
(GRUs). These gated RNN metls exploit the sgalled pathghroughtime that make

their traning processnore robust against the aforementioned isgGe®dfellow et al.

2016, 404)According to the results b@reff et al. (2017) andozefowiczet al. (2015)
studies, these two aforementioned gated RNN methods seem to perform quite evenly

along wih few other similar designs iifferent type of tasks that use sequential data.
2.7.2 Long shoriterm memory cell

The first version of LSTM was introduced by Hoeiter andSchmidhuber (1997) to cre-

ate a method that coul d o vrelated omedelinglomg pr evi ous
term dependency. According to Olah (2015), the later versions of the LSTM and its other
modifications are widely used in different problems that demand good performance in

handling data with longerm dependencies. The followingaemple of an LSTM cell fol-

lows the outlines made by Goodfellow et al. (2016,-408), Graves (2012, 338) and

Olah (2015).

An LSTM cell, depicted in figure 10receives some inputs and produces some out-
puts for the next layer and for itself for the nerte step, similarly to the previously
examined classical recurrent unit. The difference is the architecture of aritlopetic
tionsinside the LSTM cell, along with two different outputs, the activadbamd the cell
state( LSTM c edalsd spdatedhe eell statvery time step, and then use it
to create a cell activation in accordance with some inputs and parameter values. It is this
cell state, also called the cell memory, that creates the path through time, and makes the

LSTM more robustgainst the aforementionedidealbackpropagation behavior.
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Figure 107 A long short-term memory cell

The LSTM c e lodpdiasionsaan betséemte tonstruct three gates that control
the flow of information in the cell and also out of it. Two of the three gates are dedicated

to forgetand add informatiomto the cell state as follows

W NORA Q Q,
whered stands for the cell state at time stefQ for the forget gate( for the

previous cell state at time stép p, "Q for the input gate an@ for the input, that is

now a combination athepr evi ous | ay er Ohere denated asn,tandact i
the current | aye®modsQp Qeand® are calautated witlthdpi o n s

erations similar to the classical recurrent unit:

Q twow o Q.

The operation that handlés he f orgettingo in the cell i
forget gatéQ , thatreceives a value between 0 and 1 duéécsigmoid activation func-

tion , , and the cell state on the previdirse stepwo . The forget gate should learn

when itneeds talecrease the cell state and by how mbgtfinding the right parameter
valuesw ,® ando . Similarly, the input gat& andthe inputsQ should learrwhen
andwhattheyshould add to the cell statey finding the optimal parametess , w , @,

@, ® and®
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In addition to these operations that concentrate on evolving the cell state, there are
operations that determine the actual activatiai the LSTM celbutputsat time step.
These operations are hyperbolic tangent functiamd the output gat® . The activation
is drawn fromthecell statecd  as follows

MM, 00 0 W ,
» QT
Similarly to the previous gas, the output gat€® should learn how much it should
decrease the mapped cell state at a given timeldtepever, before applying the output
gate,the hyperbolic tangent function mapise cell state betweef and 1.

An RNN that uses only LSTM cells is called an LSTM network. When compared to
the depiction otheRNN in figures8 and 9the LSTM cells can be thought to replace the
classical recurrent units while maintaining the same layge connectionsAs can be
deivedf rom t he LSTM cel |,andSTMmetwotk mteotucdetsob per at i ons
parameters and arithmetic operations. Since computational resources and digital memory
are scarce, there has been an incentive to create lighter versions of the ttddiidvia
cell, and several modifications have been introduced, one bajated recurrent unit
(GRU).

2.7.3 Gated recurrent unit

Cho et al. (2014) created an LSTM variant called a gated recurrent unit (GRU) that re-

quires fewer computations but is able to perfeimilarly in tasks that require modeling

long-term dependencies indatan compari son to an LSTM cell 0s
has only two gates for controlling the information flow inside the unit, whereas an LSTM

cell has threeTherefore, it also requisdfewer parameters, since it has only three embed-

ded hidden layers. Also, a GRU does not have a separate cell stateymssigure 11

Instead, it uses the activations from the previous timeisstep, and t he previous |

activations at the cruent time stepo  to produce a new activatian , according to its

arithmetic architecturandparameter values.



29

a I Operations:
(t—1)|
1
@ / i \ |:| Hidden layer
i |
(R I PR l Element wise
..... I:_ ........... : ..... O- : : : <> operation
I
" I T . = [
| | L ! t. Copy
I
(I Sigmoid
_____ I:_ _________ : _______ 0- @ O_ (factiv'ation)
| unction
: 1 0 l Tanh
: ; l T (acti\{ation)
[ i T @ 0 function
g C
I_ _____ -
0 | 0

Figure 117 A gated recurrent unit

The activation at time stepfor a GRU is calclated by thdollowing equation:
W Q w p Q w ,

where the new activatio®d is obtaineds follows

~

@ Tw o W Qw W
The functions for the reset and update gate are the following:
Similarly to an LSTNM amthdupdate gatfdt sheuldledarrh e r €
when and by how much they decrease the information flow in the unit by discovering
suitable values for thieweights and biases. The new activation is obtained by gating
the previousactivationsw through the reset gat@ and then using the resasan
input alongside witlactivations fronthe previous layerdenoted here ap . Together
with the parameter® , ® and® , they form an affine function whoseitputis then
mapped betweerl and 1 § using the hyperbolic tangefitas a nonlinear activation
function.The activatiorfor the GRUis combired from the previous activatiai and
the new activatiomd in a ratio that is determined by the update gate (Cho et al.

2014, 3; Goodfellow et al. 2016, 4@D8.)
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2.7.4 Deep neural network architectures

The more an ANN has learnable paramethe more itendsto offermodeling capacity,

but alsoits architecture has a significant effect ilmability to express patterns in data.
Arguably, the most significant effect comes from multiplddenlayers that are con-
nected to each other. (Gdetlow et al. 2016, 165, 19897.) In theory, the layers closer

to the input layeconcentrate on findinlpwer-level details from the data, and the follow-

ing layers are able to use these concepts and build Hejretrconcepts that are relevant

for solving the task and decreasing the cost (Goodfellow et al. 2014,9I95Although
Hornik et al. (1989) have shown that an ANN with only one hidden layer can approximate
any continuous function, it is seldom used when applied to complex tasks, because ANNs
with more than one hidden laypically offer better performance with fewer parame-
ters. Delalleau& Bengio 2011; LeCun et al. 2015.)

Several studies, such as Graves et al. (28d3)d RNNs with multiple hidden layers
offering significant performance gains compared to other established methods at the time.
Cho et al. (2014, 3) argue that an LSTM or GRU network with only one hidden layer is
able to learn various dependencies ovieknt time scales in the data becaus¢heir
unique gates. However, Pascanu et al. (2014, 1) suggest that this effect is further strength-
ened via additional hidden layers that are able to create Heyledrconcepts from th
previous lomyerso6é activati

Based on these findjs, testing deep recurrent malunetworks for the task at hand
is reasonable, although they introduce a higher risk for exploding and vanishing gradients.
As these risks arecknowledged, the training algthm for optimizing theselected LSTM
and GRU networks includes methods that should make the training process more stable,

such as Nesterov accelerated momentum.
2.7.5 Training epoch

In the context of ML, the parameter optimization is responsible for the phenomenon
called learningBasically, the goal for the parameter optimization in supervised deep
learningis to find a set of parametergdhatminimizesthe value determined by some cost
function0D.Opt i mi zi ng an ANNO6s parameters is
since the moel itself is nonconvex. Therefore, it does not possess many of the helpful
attributes for optimization compared to convex models. Arguably, the most significant

difference is that an ANNsuallyhasseveral local minima. For this reason, it is possible,
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ard quite likely, that the parameter optimization does not find the global minimum on the
cost function. However, this has not necessarily been abdeakerin various applica-
tionsbecause stochastic gradient des¢8@D)and its modifications tend to filparam-

eter values that yield low enough value with a reasonahlémberof computations.
(Goodfellow et al. 2016149-150,271-272, 279-285))
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Figure 127 A training loop

Finding a satisfying set of parameters for an AMNdel is usually an iterative process
that consists of separate steps, all of which are designed to minimize the cost or provide
information about howhie optimization process evolvéshe steps that are used in this
studyare depicted in figure 1During the whole training process, the training set, and
typically also the testing sedre fed ito the model several timehesedatasets can be

fed through the training loop all at once, in smaller batches, also commonly called mini-
batches, or one exampleatime. Typically only the trainingsetis divided.In the opti-

mal scenario, the trainingetis fed one examplat a time However,it demands lots of
computations, especially ihe training setconsists of a vastumberof examples and
hence, minibatches are often used inst&stlen the whole traininget has been fed
through the training loop in one way or anottwre epoch of training has been carried
out. (Bengio 2012442-444; Goodfellow et al. 2016, 14950, 274276) This studyap-

plies the minibatch training methpdnd he following sections introduce the steps in the

proposedninibatchtrainingloopin more detail.
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2.7.6 Forward passand cost function

The phase where the model receives some inputs and calculates spute isatlled
the forward pass and it generally denoted as
Qh— @

where the functioriQis an ANN that transforms some input valuemto estimatesa
These estirates are then used in the next step to determine theaustding to some
cost functiond 2. The cost function typically consists of sofoss function andt might
also include regularization term{&oodfellow et al. 2016, 17272.)In this study, mean
squared error (MSE) is used for calculating the los$to andan L1 regularization term
O to drive weight decay during the training process. The cost function can be written as
follows

V— O0aw a.

The cost function can be seen to lead the learning pracesdence, it should be
examined carelly to better understanthe behavior the models learn from the training
set By selecting what type of errors and model attributes generate howaosicthe
model can be guided to focus on certain types of patterns in the data, and to produce a
certain type of outputd.he following sectionprovidemore details concerning the cho-
sencost functionalong withjustifying the selected methods.

2.7.6.1 Loss function

Mean squared error (MSE) and mean absolute error (MAE) are both common functions
for calculding loss i regression problems. For some minibaichlSE and MAEcan be

calculated by using equatigin
00 -B o®? o
060 -B w2 o s,
whereg represents the numberefamples in minibatcty and'@heindexof anexample

in the minibatchWhen applied in a cost function, the loss function is used for calculating

the average loss for a minibatch after exangplecific losses have been obtained.
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MSE and MAE error if real value is 0
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Figure 137 An error curve comparison between MSE and MAE

In thisstudy, the regression task resembles a binary classification sinbagheess cycle
time-series hasonly two possible values, 1 and 0. However, it is important to
acknowledge that the predictions dot exactly represent real probabilities. Because the
model treats the task as a pure regression, there are fundamentally no boundaries for the
prediction values, but during the trainipgocessthe model should learn to target the
predictions between @&nd 1. When comparing the equations and the error graphs for the
aforementioned interval in figure 1®ne can find that MSE generates less or an equal
amount of error comparetb MAE if the model predictyvalues between-1 and 1.
Whereas MAE can be congred more neutral when it comes to determining how much
loss is generated from an inacderprediction, MSE woulcencourage a model to give

more significansignals if it finds a risk of a peak or trough happening during the multi-
step predictiopsince t produces less loss than MAE. This attribute is considered valuable
for an application that could be used as an early warning system, although it further averts
the predictions fronpureprobability values. While it is reasonable to penalize less from
giving a hint that a peak or trough might occur during the forecasting period, choosing
MSE can also be justified by examining the ratio between expansions and recessions. As
mentioned in sectiol.2, recessionsd® share of thae who
2015 is only approximately 13.334%. Therefarés probable that the model recognizes
recessions quite rare aréncefavors predictingalues close to zerdhereforein order

to encourage a model to output some other values, dd8kl be selected over MAE.
Furthermore, predicting values over one is unnecessarytrardfore generating more

error for such values is reasonable and should not affect the learningyelggatr these
reasons, MSHas been selectexs the loss functiofor the model trainingprocessbut

both, MSE andMAE, areused for model evaluation in this study.
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2.7.6.2 L1 regularization

The L1 regularization consists of one coefficient hyperparametad the sum of all the
parametersodo:absolute values
a _B s—s
wherel denotes the number of parameters in the model. Its core idea is to drive parame-
ters that model weak, probably ueessary, relationships or noislse to zero. This
met hod, therefore, helps to reduce ¢she model 6
and hence, decreases the amount of variance the model introducepreaitions In
addition to the ability to make the training process more robust against overfitting, it can
also be seen to furthenhance he ANN model s6 feature selectio
di mini shes the | ess | mpautput é8engio2082|48463)ons hi ps 6
L1 regularization is used over some other regularization methods because it offers
desirable theoretical fodations for more effectiveeatureselectionwhen using noisy
multivariate data. Because the multivariate data used irstiniy contains timeseries
from several economic indicators, it is probable that some of their own movements alone
ortheir combinedepresentations that amade by the netwoskhemselvesre irrelevant
when trying to model only the general relationships between the inputs and outputs. In
addition to the L1 regularization, there is also a popular L2 regularizaigihod but
accordng to Bengio (2012, 451), it should not be used togetiiteran early stopping

methodand therefore L1 is preferred instead.
2.7.7 Backpropagation through time

A backpropagation algorithm allows calculating the parameter specific gradhits

are then s for updating these paramet@&ues by using some learning algorithm, such

as stochastic gradient descent. When using RNNs, the common algorithm for calculating
thesegradients isabackpropagation through time (BPTT) algoritHinpredictions from

multiple time stepare used, natnly from the last time stepghe loss accumulates from
several output valued at differenttime steps, as depicted in figure. Thus, the ac-
cumulated los$or exampleéQvould be

0w ho B 0w o |,
where”Ydenoteghe number of time steps whose output values are used for calculating

the loss. At each time step, the output values are typically calculated by using different
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input values, but in turn, the parameter values stay the Jdmaefore, the same param-
eters account for sever al output valuesb©o
(Goodfellow et al. 2016, 373, 3780.) Now the equations for determining the dost
examplean be written as follows
V— O w a
v— B 0v—.

When calculating the gradienBPTT takes into accouiihe possible multiple out-
puts at different time steps aftfte cumulative effect othe parameters that are used in
recurrent connectiorn® the outputs This method works in the opposite direction of the
forward propagation by utilizing the chain rule for partial derivatives for determining the
parametespecificgradient values and then summing them together. (Graves 2012, 19
20; Goodfellow et al2016,378-380.) The common equation for the BPTT algorithm is
the following

B -

whose actual calculations depend significantly on the network, similar to the forward

propagation. Severahoreaccurate presentations exist for the caon RNN architec-

tures®* This studyuses only the output values that are received on the last time step
“Y In the following sections, the BPTT algorithm is dendtedand all the gradients for
the parameters-arestored in'Q

Because BPTT applies an extensive number of multiplications, it is sensitive to the
values that it multiplies. High and low input and activation values might cause gradient
values to increase or diminish substantially and these problems are called duznexpl
and vanishing gradients. (Goodfellow et al. 2016,-282.) When considering the cost
plane, this introduces sharp edges and plateaus that could oscillate the training process if
it happens to traverse through this type of regidrerefore trainingan RNN typically
oscillates more than the other type of networks, such as an MLP. However, LSTM and
GRU should be more robust against thgpes of problems, but in addition, a more stable

learning algorithm is also us&dthis study

3 For a classical RNN uniGraves(2012, 1920) and Goodfellow et al. (201878380
4Foran LSTM cell:Graves(2012,38)
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2.7.8 Nesterov acceleratl gradient

A stochastic gradient descent (SGD) and its different variants are considered as the most
popular learning algorithms iBL. An SGD uses the average gradigatuesthat are
calculated over a minibatch &fexamplesTo summarize thprevious steps in the train-

ing loop, he equation for calculatingradiens at epoctQfor minibatchdby using some

backpropagation algorithfh is
Qr N -B 0 "Qon h—ho i

First, the training set is divided into minibatcheso that contairt numberof examples,
hence\ @ o o . The examples in minibatahare then provided ta for-
ward pass to generate estimatesdtrss function. Next,ite sum of the example wise
loss isdivided by the number of examples in the minibafden, someregularization
termscould beaddedthatfollows somebackpropagation algorithm , such a8PTT,
that obtainsparameter specifiaverage gradient®r the minibatchthat are stored in
Q. (Goodfellow et al. 2016149152, 276, 29292)

——  Cost curve
- = = Gradient

Cost

W(E,m Web-1) W
Figure 1471 A gradient descent stegdor one parameter

After theaverage gradients have been calculated forbatohc) for examplean SGD
can beapplied to handl¢he actual learning by updating the parameter values by using
the following equation

—h  —h | Qf .
The fundamental idea of a gliant descent algorithm is to minimize the cost gradually
stepby-step An example is depicted in figure Idr some parameter. This parameter

is updated in the opposite direction to its gradient, by a magnitude defined by the gradient
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andan adjustabldearning rated . The learning rate is typically decreased during the
training proces$o allow largerupdates at the beginning of ttraining process to speed
up learningandlater, thesmaller updatesnablét to settleto some minimum on the dos
plane (Goodfellow et al. 2016, 14950, 296292.)The learning rate is examined in more
detail in sectior2.7.9

The parameter specifaost curve, depicted in figure 1% a twedimensional slice
of the multidimensional cost platieat is determined by the cost functiGior everyex-
ample thecurvatureof the cost planes different, because it is determined by the factors
that are used for calculating the cosD. Moreover, he longer multiplication chains the
network architeture introduces and the higher input and activation valueséivesand
generats, the steeper curvatures exist on the cost plane. (Goodfellow21#,285
286; Trask 2019, 887.)

When a parameter value is changed, the coordinate on the globalboesthanges
The global minimum can be found without updating all the parameters, but typically when
training an ANN, all the parameters are updated at the same time because there are no
sufficient methods that could determine what parameters tdaupdaot. (Trask 2019,
86-89.)

Vanishing and exploding gradierdscur due to irregularities on the cost plaBs-
sentially, a gradient careceivea high value if the coordinate on the cost plane appear
on a steep edgas depicted in figure 1H the gralientvalues ardwuge,theywill move
the coordinate on the global cost plane substantially, possitiigwrong direction and
hence damage the learning process. Also, vanishing gradients harm the learning process
by making mrameter updates close &ra andthus impeding the search ftowervalues

on theglobalcost plane(Goodfellow et al. 2016, 286

J(w,b)

w

b
Figure 157 A three-dimensional illustration of how a cliff affects a training process
(Goodfellow et al. 2016285)



38

Several modifications of the SGD method exist that adbomore stable and efficient
training processThe nomentummethodadds a vector to the normal gradient descent
algorithm that gives it a similar attribute as mass does to objects in physics. It typically
helps the learning algorithm to navigate more consistently on the cost plane and allows it
to converge faster. (Gér@917, 299300; Goodfellowet al. 2016, 29293.) Figure 16
compares parameter updateade byan SGD with and without momentum. In this illus-
trative example,ite red line represents the learning path wihermomentumis used

and the black arrowdepictwhat the parameter updates would have been without the
momentum. When usinpe momentum, the parameter updadppealess radical and

hence, italsoconverges to the minimum faster.
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Figure 167 A comparison of gradient descenupdates with and without momentum
(Goodfellow et al. 2016, 293)

The equations forraSGD algorithmwith momentum are
I A @ Qf,
—R  —h a h,
whered j is amomentum vector that consists of all the matoen values, one for
each parameteat the current epociand batch It is calculated by using the previous
momentumé&  , the hyperparametér, t h a t determines the moment
strength which is typically set to 0.9, the current gradié@t;, andlearning ratew

(Géron 2017, 29300.)

Nesterov acceleratedaglient (NAG) is a modificatioto theSGDwith amomentum
that, according to Géron (2017, 3801) and Goodfellow et al. (261296), typically
further speeds up the learnipgocessand hence requiresless computing to converge.

The fundamentaideain NAG is to take the previous momentum values into account
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when calculating theurrentgradients. By adding the previous NAGmentum effect

I & p tothe parameter values, the gradients can be calculated from a furth@mnpoint
the cost plane anthus, correct and speed up the parameter updates. BiutdisNAG

is used for parameter optimization in order to sis@ce computing resources more effi-

ciently. Now the parameter updates are given by the following equations:
Qp N -B 0Qw h—1 & e [

dﬁTdﬁ )

K): ¢
p=xj

—h  — a -

When usingan SGD or some of its modificationalong with timeseries data, it is
proneto parameter changes over time becahsemodel is trained with data that is in
chronological order. For example, the last gratsienll be calculated by using the last
minibatch of data, including the latest events thatwal have the last say in the training
process. If this last minibatch is very different compared to all the other minibatches, it
could play a bigger role ingpameter learning than is necessary. (Nielsen 2019, 347.) One
way to prevent problems with too diverse minibatche® isicreasdhe batchsizeto
includemore examples from a longer time span, therefore potentially makisgheate
mi ni b at cbhtiersd difiererns typesi of events more alike ahénce giving less
importance on extreme events when calculating the gradiémtgever using very small
minibatches typicayl offers the best generalizaticand also adds regularizati¢Good-
fellow et al. 2016, 276 The batclsize is typically set between one and a few hundred,
but when using graphical processing units (GPUSs), as istilnily; it is recomnended to
use power of two batctizes since they ddf a better runtime. (Bengio 2012, 448; Good-
fellow et al. 2016, 276.n order b arrive at some compromiseéhe minibatch size was

set to 32where each example represents one day.
2.7.9 Learning rate

Thelearning rate and its initial value at theginningof a training process are argued to
be among the most important hyperparameters in DL ®h&GD or some of its modi-
ficationis used. The typical values for ataing rate are between 1 and®ifthe inputs
are scaled between 0 and 1. As mentioned preljipthe learning rate is commonly de-
creased during the training process according to some schedule or fuNctimptimal
learning ratemethod has yet been founidsteada suitabldearning rate decay depends
significantly on the tasknd other proposemethods(Bengio 2012, 44448.)



40

Learning rate curve

0.10 4

0.08 4

Learning rate
o
(=]
(=]

o

o

B
L

0.02 q

0.00 4

T T T T T T T T T
0 25 50 75 100 125 150 175 200
Epoch

Figure 171 The learning rate curve

Becauséhe learning process unique for every different problem handmade learning
rate schedule is usaghichis based on several test runs with¢hesersetup The learn-
ing rateschedulas determined by the following equation:

G T ¥
whered denote the learning rate for epo&h&X Omeans the highest integer that is
not more or equab Qdivided by . This gives the frequency of how often a drop to the

learning rate should kepplied The initial learning ratéd is set to 0.1, and the drip

applied to every other epoch, meaning that the hyperpargmbéger a value of 2. At the
beginning of the training process, the learning rate has relatively high values to speed up
learning and tallow escapingome local minimunon the global cost plaDuring the
training process, the learning rate is gradually decreased, as showrlearttieg rate

curve in figure 17in order to make it possible gettledown on some minimalhis
learning rate schedule may suit some ANNSs better than the .oftenr®fore studying

the effect of different learning rate schedules and adaptive learning rate optimization al-

gorithms, such as RMSprop and Adam, is motivated in future work.
2.7.10 Parameter initialization

The initial parameter values of an ANN model have sstuttial effect on the whole
training process. Typically, at the beginning of the training process, some small negative
and positive values are set to the parameters by using some random function when using
gradient descent learning algorithms togetheh ®NNs (Graves 2012, 30; Goodfellow

et al. 2016, 29@298). Furthermore, Goodfellow et al. (2016, Z8P) argue that random

values should be used in order to break

t

he

S\
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otherwise make it possible for the learnimgoaithm to update them identically through-

out the training process if some other unit specific stochasticity is not implemented. Also,
when using RNNs that introduce long chains of computations, smaller initialization val-
ues should be preferred in orderavoid exploding gradients and unnecessarily high sen-
sitivity to some input values.

Graves (2012) used in his RNN experiments a flat random distribution in the range
bet ween values 1T0.1 and 0.1, al ong with
standard deviation of 0.1. He found that these two methods performed similarly. In order
to follow these guidelines, the same Gaussian distribution with a mean of 0 and a standard
deviation of 0.1 is used for the parameter initialization in this study.

2.7.11 Training process and early stopping

The typical goal for the training process in DL is to find the parameter valies make

the ANN modelQas similar as possible to the functiéh which has generated the data
(Goodfellow et al. 2016, 164). As intraced in sectio.7.5, the process involves train-
ing epochs that drive the parameter values iteratively t@aaiddw-cost area on the
globalcost planeThere is no strict limit to the number of epochs, but theoretical founda-
tions suggest that there isedationship between error and the number of training epochs.

— Train set error

Error

Test set error

The Lowest test set error Epoch

Figure 181 Error curves for the training process

Figure 18 shows an example of a training graph where the metric on the vertical axis is
some error measuandthe horizontal axishowsthe training epochs. Since the initial
weights are usually small random numbers, the error curves tend to start from high values,
but during the training process, the weights begin to settle on more suitableasihess
beginto model meaningful relationships in the daaablinga better fit. Thisin turn,
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decreases the errdyut could also make the model eventually overfit the data if it has
enough modeling capacity. (Murphy 2012, 572.) This behavior is strongly relatssl to
biasvariance tradeff. At the beginning of the training process, the-ofasample error
is typically dominated by a high bias val
enough, the bias decreases during the training process and theelaeginsto increase,
though these changes are rarely monotonic. (Prechelt 2065, 64

Early stopping is a practical method when training an ANN with sufficient capacity
to start overfitting. It can be seen as a regularization method since its goahis ttoe
training process at the right time when the model performs best with unseeéwheta.
the training process is running, the performance metrics can be used to detect overfitting,
thatis indicated by a rising test set error curVbe stopping cterion is typically set so
that the trainings haltedwhen reasonably strong signs of overfitting have been received.
A well working early stopping methatopsthe training process close to the point where
the lowest oubf-sample error has been achievéidalso allows saving computing re-
sources byhaltingthe process before some of the unnecessary iterations have been exe-
cuted. (Goodfellow et al. 2016, 243; Géron 2017, 136; Prechelt 2012, 54.)

Finding the optimal point to stop the training processfigdlt for various reasons
Firstly, as shown in figure 18he parameter updates might take misstepshemte, the
out-of-sample error can spike occasionally. Therefore, stopping the training process in-
stantly when the otdf-sample error increases ddibe unreasonable. Secondly, the-out
of-sample error itself is just an estimation of how well the model would perform in the
future. Hence, stopping at the lowest-ofdssample set erratoesnot guarantee the best
possible model. Thirdly, the process degs heavily on the error measure. If the error
measure is not well in line with the actual goal, early stopping itself would not yield op-
timal models even though it could stop the training process close to the lowest point.
Lastly, as Prechelt (2012, &5, 64) points out in his study, the stopping criterion is often
set by using some tasklated knowledge instead of following some theoretical founda-
tion. Arguably,becausé¢he training cures are also acknowledged tothskdependent

Because thistudyfocuseson comparing different ANN architectures, not different
optimization methods, only one early stopping method is used. Although Prechelt (2012)
has suggested more advanced methods that have the potential to generalize well on dif-
ferent types of task a lighter solution is used in thstudy. The chosen early stopping
threshold is set so that the training process is halted when the test set cost has not de-

creased during the last 25 epochs. This method has been chosen based on a few test runs
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to figure out how well a network with a miier modeling capacity in this study appears
to converge. Also, the test set cost curves tended to oscillate considarabihe 3
epoch patience buffer appesmdaveenablel the training processes to reach the bottom
of the test set curve most of the time.

When the training process is over, it is possible to examin&NiNewith parameters
that generated the lowest error or cost, but this could give a too optimistic pictiiee o
ANNO6s general perfor mance bec atofssempleérrot h e

and, lence the last parameter values are used instead.
2.7.12 Deep learning hyperparameters

Bengio (2012, 446) defiseahyperparameter for sonML algorithm Aas

favariable to be set prior to the actual application of A to the data, one that is not directly

selected by the | earning algorithm itsel

Thus, lyperparameters, such as ANN architecture, learning rate, minibatch size and the

maximumnumberof training epchs, can also be described as control knobs for the actual

parameter search. They form their own search spacdéande, when applyinDL, one

has to deal with two search problems. Because the hyperparameters define the parameter

search, they have a fundantal role in finding a wellitting ANN model.

The hyperparameter search can be conducted by hand or by some search algorithm.

Furthermore, the theoretical background does not offer clear foundatidirsdfog an

adequate hyperparameter setunlinstead the process usually involves trial amdror

loops when finding a suitable setup. Though the absence of a mathematically proven best

practices for hyperparameter tuning, some guidelines exist. Irstinily; the current
guidelines and common best praes have been followed together with some pretesting
to tailor the setup more suitable for the task at hand. However, in the future, more hy-

perpararster setups should be reviewed.

I

1
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3 LITERATURE REVIEW

3.1 Deep learning for time-series analysis

Deeplearning is a relatively novel set of methods in the field of t&®kes forecasting,

but it has already been recognized providing prominent tools for certain types of prob-
lems. Zhang (2012, 463) and Nielsen (2019;280)proposdhat ANN models are data
driven nonparametric modeling methods, and they are less vulnerable to model misspec-
ification whencompared to the more traditional parametric methodsne-series fore-
casting. Furthermore, they do not require as many and asassigmptions from the data
generating process as the more traditional-sermes methods. For example, no assump-
tions about the data distributicarerequiredand stationarity is not necessafyso, they
appear to fare well with heterogeneous dBtecaise of these propertieBNNs enable

using some timeeries that would have beanidealwith the more traditional methods.
However, using DL often requires large datasets g, might not be suitable for tasks
that cannot offer timseries with a suiient number of realizations (Nielsen 2019, 186).

In addition to their flexibility, they are recoged as universal approximataad
therefore, in theory, they are suitable for modeling very complex stochastic processes.
Moreover, ANNs belong to a clasof models that offer an ability to model nonlinear data
due totheir nonlinear activation functions. When compared to nonlinear methods, linear
methods have been more popular in tsegies analysis, albeit in margatworld appli-
cations, the timeeriesdata is nonlinear (Tsay & Ch&019, 1). The popular linear meth-
ods have offered good performance in a variety of modeling tasks in different domains,
and they can be fit to data reliably and efficiently, but their modeling capacity is limited
to linearfunctions (Goodfellow et al. 2016, 165). Therefore, fitting one to a nonlinear
process causes underfitting ahdnce, nonoptimal performance.

It is arguedthatsomeeconomic and financidime-seriesdata contains nonlinearity.

This makes the models that are able to maldel thes@onlinear relationships interesting
in these particuladomains because they can maa@hlinearpatternsand thus, possibly
gain a better performangéhencompared tahe prominentlinear modelsThe following
sectionffer areviewof how ANNs have fared in previouglatedresearch and, thu,

serves as a background and motivafmrthe proposed methods.
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3.2 ThenovelRNN met hodso6 performance in the pr

According to the NFitheoremsno model is universally better than all the other options
in every situation where modeling is needed. Furthermore, according to thabaase
tradeoff theory, the model capacitghouldbe suitable for the underlying griem. Hence
the question, in the domain of tinseries analysis, what type of problems the novel RNNs
suit the best?
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Figure 197 Forecasting performance (SMAPE) of the ML and statistical methods
included in the sudy (Makridakis et al. 2018, 15

Recently, plenty of research has been conducted concerning how well the novel RNN
methods suit timseries forecasting. An extensive study made by Makridakis et al. (2018)
evaluated a wide range of different types of modelasigg more than 1000 univariate
time-series from different areas, economics and finance included. The rektiis
study,shownin figure 19, suggest that the applied LSTM methods anerag the worst
performing wherunivariate timeseriesareused. Thes findings are in line with several

other previous t udi es. Gers et al . (2001) al so r
mance when applied to univariate tiseries foecasting. Moreover, Makridakis and

Hibon (2000, 458) found that

fStatistically sophistiated or complex methods do not necessarily produce more accu-

rate forecasts than simpler ones

when applied to univariatata,which canalsobeverified in figure 20
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These findings imply tha&in LSTM networkand its close variants should not be
consicered ifunivariatetime-seriesis chosen Onepossible explanatiofor these results
is that these univariate datasets do not contain aspects that could be exploited by using
these more sophisticated methods. For exarapLP, the common feedforward ANN
structure that is not developed particutddr analyzing sequeéial datg which isexam-
inedin section2.7, is able to beatiemore sophisticatedSTM networkin these partic-
ular timeseries tasksThe reason why the MLP was able to outperform the LSTM net-
work might be due to its ability to concentrate better on Engatterns in the data and
model less noise than the LSTM network, but this has not been veAfss].the ratio
between nonlinear and linear datasets migiveaffecedthe results, herpossiblyto the

benefit of theproposedinear models.
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Figure 201 Forecasting performance (SMAPE) versus computational compléy
(Makridakis et al. 2018, 1§

However, unprecedented results have been achieved when LSTM networks and their var-
iants have been applied to very difficult seqiaentasks, such as analysis of audio
(Marchi et al. 2014), video (Donahue et al. 2017) and machine translation (Luong et al.
2015). This indicates that there is a specific area of sequential tasks that are suitable for
thesemore sophisticatethethods. Thee tasks seem to have similar features as the other
areas where ANNs have enjoyed greatecssis than any other model clag® telation-

ships between input and output pairs are difficult to express by usimngnirnade math-
ematical functionsind a sufficiently large amount of higjuality data is available for an

extensive training process.
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These findings indicate that, although the performance with univariatesérmes
dataappearsppalling,they seem to fare well in very complex domaimkichis in line
with thepresentedheories Thereforethese methods should beptipdfirst and faemost
to very complextasks that are more suitable for the&haracteristics

As the novel RNNs have bedound to perform rather poorly with univariate time
series, they have also been criticized for lacking strong theoretical foundations concerning
somefundamental decisions when creatitrgining and interpretinghese modeld-or
exampleBrooks (2014, 420jndsthat ANN models have foumajorweaknessegirstly,
the parameter values in an ANN do not offer a meaningful interpretatiohemzk, thee
model s are commonly regarded as fblack b
tion tests exist for determining an ANN |
els tend to overfit quickly to a training satd,thereforethey might providgoorperfor-
mance with a testing sand later in a production environment. Lastihencompared
to the other possible optiongptimizing the parameters ah ANN model demands typ-
ically significantly more computational resources than the other typical methoald-
dition to thesaforementioneeveaknesses, there is a shortage of proper theoretical foun-
dations for determining and adjusting hyperparameters in DLcé{etientifically
proven best practisefor hyperparameter search mat exist, but the area has developed
some guidelines through continuous research.

The hyperparameter setups used inghislyweremotivated by other researchthre
field and therefore, this study can be seen as a part of this larger researchtcel@ted
and suitable hyperparameter combinations. Also, to take into account the other weakness
mentioned by Brooks (2014, 420), tktsidyfocuses on finding a suitable networklafc
tecture for the task at haadd thus makesnterpreting the parameterluas redundant.
The evaluation o4 set of different RNN architectures, which is ultimately a hyperparam-
eter searclproblem is done by examining their fit to unseen dayausingcommon per-
formance measures. The igtakéhsndaccoennbgapplying t o
L1 regularization, and the test set performance meastetracked throughout the train-
ing process in order to notice possible overfitting. Furthermore, an early stopping func-
tionality is used to abort the trainiqyocesdefore sgnificant overfittingoccurs These
methods should offer a relatively satisfying base for making decisions related to assessing

these methodsd gener al adequacy to the t:
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3.3 Review of the previous related research in finance andcenomics

Overall, machine learning methods have not yet obtained a significant role in economics,
although they have been found to offer great tools for forecasting (Varian 2.

ever, even though only a limited amount of research has been conducted on ML in the
domain ¢ economics, many studies have been conducted concerning their applicability
to finance, possibly because it is generally more focused on predicting than on under-
standing the underlying process. Although finance and economics are considered separate
fields, their timeseries data typically has similar qualities, such as nonlinearity, noise,
seasonality and trends, together with an underlying data generating process that is con-
sidered extremely complex. Hence, the findings done in the domain of financeean g

clue how well these methods perform when applied to economic forecasting. Although
several studies have been conducted related to applying ANNSs to finance and economics,
only a few are examined here that help to understand the bigger pictureghpEomi-

nent trends in financi@ndeconomic forecasting over tinaad the reasons behind them.

3.3.1 Related research in finance

Kumar (2009), Niaki antHoseénzade (2013), Sheta et £2015) and Fischer aritrauss
(2018) compared different models for predicting popular stock indexes, such as S&P 500
and Dow Jones Industrial Average. Kumar (2009) found that an MLP was able to outper-
form an ARIMA model when a univariate data of S&P 500 returns was used studhys
the MLP could predict the direction of char(@eclassification problenf) or t he next
S&P 500 value bettehan the proposed ARIMA model. Whearspared taesults by
Makridakis et al. (2018) whetbe ARIMA tended to outperfornthe MLP when gplied
to univariate data, this findinguggestshat there can be exceptions when these models
are applied to different timeeries and different typef tasks, here a classification in-
steadof pure regression.

Niaki andHosenzade (2013) and Sheta et @015) compared ML$to other types
of models when using multiple input variables for predicting S&P 500 daily returns,
whichin turnwasa regression task. The input variables inctugeveral common finan-
cial time-series, such as a relative changeald@gnd oil, a few dollar related exchange
rates and the change in the market yield dh Ureasury securities for several maturities.
They found that MLB wereable to outperform the proposed linear models. However,

Sheta et al. (2015) discovered thagupport vector machine, which is a common ML

dayé
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model class that is also capable of modeling nonlinear relationships in data, could outper-
form the proposed MLP model. This is also in line with the Makridakis et al. (2018)
results where the SVR model, whichaisupport vector machine model for a regression
task, outperformethe MLP when applied to univariate data. Moreover, this suggests that
more emphasis should be put on using different types of nonlinear machine learning mod-
els for modeling financial datapt just ANNswith nonlinear activation functions

To summarize, Kumar (2008judied the common MLP model and found that when
using univariate data, the method might be useful when the prediction problem is trans-
formed into a classification task. In tufNiaki and Hoseinzade (2013) and Sheta et al.
(2015) found thatvhen using multivariate data, the nonlinear methoasuding MLPs,
are able to outperform the tradition linear modptsssiblyby exploiting the nonlinearity
in the data. Both findings ane line with the Makridakis et al. (2018) findings, and further
build up the understanding of which methods should be applied to what type of prediction
problems. Moreover, many of these aforementiomsgarches put emphasis on short
term dependencies the data andhus theyleawe the effect othe abilityto model long
term relationships unknown

As presentegreviously,in theory the novel RNN methodshould suivery complex
modeling asks that require modeling loigrm dependencies. Howeveaelatively few
research exisivhere these methods have been applied to established research areas. As
mentioned earlier, ANNs have several drawbacks, and the first RNNs were difficult to
train and could not deliver goguerformance Wwen modeling longerm dependencies
was necessaryThese reasons might have slowed down the ANN and RNN related re-
search in finance and economics. However, more lately, possityragedy the suc-
cess in other areas, these methods lgamed moreattertion in finance Fischer and
Krauss (2018) studied how well LSTM netwerkan predict the future share price for
stocks that are included in the S&P 500 list. The study comh&€M networlks perfor-
mance against MLP, random forest and logistic regressamtels. Their data comprised
approximately 500 univariate tirrsries, one for each stock in the S&P 500 list during
the examined time period from 1992 to 201
hence yielding approximately 500 separate modeledoh model class. The task veas
binary classification, where a model predicts which side of the -sexdonal median
revenuesomeparticular stock would be at the next time step. After conducting several
tests, they found that the chosen LSTtworks could outperform the other models,

though random forest modeishich isalso a commomnonlinearML model class, could



50

achieve similar scores in some areas. This is in line with the previous studies since both,
the support vector machine that outperforrtfeelMLP in the Sheta et al. (2015) du

and the random foresare nonlineaML models that possess high modeloapacity

What stands out is that when compared to Makridakis et al. (2018) results, an LSTM
network could now outperform an MLP even thougivariate datavasused. This might

be due to altering hyperparameter setups between the studesausehe taskwas
transformed into a&lassification task in Fischer amtauss (2018) studyEither way
finding a suitable ANN model and training ittime best possible manner might be harder
when compared to the othgroposed methods in theseidiesbecause of their vast hy-
perparameter spae@ad nonconvexityKrauss et al. 2017, 699)herefore more hyperpa-
rameter setups should be traversed befoterahéning which methods best suited for

predictingthe S&P 500 and other stock indexes
3.3.2 Related research in economics

After decades of researcdpphisticatechonlinear MLmodelshave started to gain more

tractionalsoin economics. This change is arguably driven by two main reasons. Firstly,
macroeconomic forecastingtigically recognizeds a very complex prediction problem.

Secondly, the prevalent econometric and linear models have been found lacking the abil-

ity to forecast macroeconomic variables sufficiently (Moody 2012, 345). It appears that

the econometric models that are created for evaluating and describing the economy are

not suitable for making accurate forecasts, a
linearity is arguably a defect when one wants to model complex macroeconomic pro-

cesses that are considered to include nonlinearity. For example, business cycles, in par-

ticular, are thought to be a nonlinear process for a few reasons. Firstly, even though d

fining a recession and expansion is found somewhat difficult, expansions typically last

longer than recessions (Mitchell 1927, #88). Secondly, the upward and downward

motions seem to be asymmetrical. Generally, an expansion evolves gradually as the fa-

vorable events in the economy have a cumulative effect on each other until, at some point,

the process starts to work in the opposite direction, but typically in a shorter time span

and a more volatile manner (Keynes 1936,-318). Thirdly, Mitchell (1927458) finds

the economy highly sensitive to rare, possibly unpredictable phenomena, such as wars,
poorharvests and epidemics that typically escalate quickly, and because of the economic
processesd interdependthesetypes ophermroenagrely bal | y . Mo
expandthe economyand instead, they often account for a quick and volatile drop in
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economic activity This finding is also found true recently due to the economic conse-
guences of the COVIR9 pandemic. Fourthly, Friedman (1964) suggeatedii p | uc ki r
model 0 when he observed that the ampl it
strength of the following expansion, whi
have a significant effect on the following economic contradiction.

However, he early economic forecasting research found linear methods superior to
nonlinear correspondents (Meese & Geweke 1984; Makridakis et al. 1982; Makridakis et
al. 1993; Weigand & Gershenfeld 1994; Swanson & White 1995; Swanson & White
1997; Stock & Weson 1998). These studies have been conducted by using univariate
time-series from various sources, generally finding exponential smoothing and auto-
regressive models the most suitable. As examined previously, similar results have been
received from the merrecent studies thhtiveused univariate datd&or exampleMa-
kridakis and Hibon (200Gand Makridakis et al. (2018) found tledponential smoothing
(ETS) and autoregressive integrated moving average (ARIMA) seleavéted the pack
performancevise. h addi tion to the | inear methods
nonlinear methodwhen usinghis particular type of data, Stock and Watson (1998) pro-
posed thatin order to achieve the best possible performance, a combination of two dif-
ferentlinearmodes 6 f or ecast s s h opuwtedureb@&comnsoetdch- T hi
nique in ML,which istypically called ensemble learning, where two or more models are
usedo creatgredictiongogetheiby using, for example, some voting or weightingch-
anismfor crafting thefinal prediction value$Géron 2017, 18287).

ANNs have received mixed results in econofoiecasting researclswanson and
White (1997) conductedn extensivstudy where they compared ANNs to VAR models
by using several different ma@oonomic multivariate datasets and found little to no im-
provement in accuracy when using ANN#owever, &er this study, the DL mbbds
have evolved significantlsgnd as opposed to these findingselater research found suit-
able modeling tasks for ANN#soin macroeconomics. Tkacz (2001), Chuku et al. (2017)
and Jahn (2018) showed that ANNs were able to offer better accuracy than the common
linear methods when forecasting GDP growth. In addition to the suitability of forecasting
GDP growth, Binner etla(2004) found two different types of nonlinear modalsRNN
and regimeswitching VAR, superior ta linear VAR when modeling K. inflation,
again showing that more emphasis should be put on different types ofeaomhodels

in future research.
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Moreover, ANNs have been found promising in predicting business ¢yelash
has beemegarded as a veppmplexprediction problenin a range of studies. For exam-
ple, Moody (2012, 34864) argues that forecasting business cycles is challenging due to
five main reasons. Firstly, macroeconomics is recogha®a nofexperimental science
becausesconomies are not closed systetdence controlled macroeconomic experi-
menting is difficulf or even impossiblg¢o conducto geta better understanding of how
the ecmomy functiors. Secondly, thigarticularmacroeconomic process appears ex-
tremely complex. Commonly, practitioners have applied two different types of models:
econometric and linear tireries models, but neither method has producetisiysng
solutionfor the taskpossibly due to their insufficiemhodelingcapacity Thirdly, it is
argued that business cycles are nonlinear (Mitchell 19274886Keynes 1936, 313
314; Friedman, 1964 herefore macroeconomic forecastirmgn possiblyoe improvel
by finding a suitable nonlinear model that could achieve better accuracy by exploiting the
nonlinearities in the data that the common linear methods cannot model accurately.
Fourthly, macroeconomic tirrgeries typically contaia considerable amount of ise
and,hence, the important patterns in the data might be difficult to observe and Fardel.
this reasonthe model should be somewhat robust against the noise in the input data, but
still beable to provide accurate predictions. Lastly, many macro@acrseries are non-
stationary. This feature comes from the combination of how the economy evolves and
how it is tracked. Often macroeconomiméseries include strong trenttsat might re-
quire applying some technique for reducing the nonstationarity timtleeseries or leav-
ing them out complete)ywhichcan lead t@loss ofsome valuablenformation

Qi (2001)studiedhow to predictU.S. recessions witlan MLPtogether withmulti-

variate datandfoundthemideal for this particular forecasting task besau

fié business cycles are asymmetric and cannot be adequately accommodated by linear
constant parameter singiadex models. NNs are a class of flexible nonlinear models.
Given enough data, they can approximate almost any functions arbitrarily close. Because
there is little a priori knowledge about the true underlying function that relates financial,
economic and composite indicators to the probability of future recessions, the NN models

are an ideal choice for modeling these relati

Thefocuso f Qi 0 s tafinditdeybesivexanatory variables for predicting.U

recessionand using MLP models as a guidée studyfound that the interest rate spread
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between the 1§ear Treasury bond and thex®nth Treasury bill was the most important
explanatory variable while some other useful explanatory variables being the Department
of Commerce leading index, Stock and Watson (1998) index, real money supply and S&P
500 index, some of which are also used in this study. Furtherther@roposedLP
modelscould predict well all the recessionstie proposetesing set andthus,it ended

up also concludinghat ANN models arpromisingfor forecasting business cycles.

3.4 Conclusions of the previous literature

The previous literature has offered someimtiaar conclusions that correspond to the
assumptions drawn from the underlying ML
one can remark thadlthough ANNs are regarded as universal approximatorsizere-
fore, should be in theory suitable fonagiven prediction task, they tend to perform worse
than the popular linear methods when the task caters only univariatedimasand it is
a regression probleninstead, more promising results have been obtained when these
methods have been deployedotoblems that introduce moreraplexity, nonlinearity,
relevant multivariate data. These findings are in line with the-tiebrems and the bias
variance trad®ff theory since they show that ANNs are not superior to all the other
models, albeit being unérsal approximators, and instead, they should be applied based
on the attributes of the underlying task.

The performance of the applied ANN modetsiesnotablybetween the examined
studiesand hence, defining unambiguous criteria concerning the atistibat should be
met when ANNSs or the novel RNN methods are applied is challengisgmportant to
acknowledge thaDL and timeseries forecasting offerumerousoptions each of which
can affect the result&irstly, for example ireconomics, the timing of a prediction might
have a sigticant effect on its accuracy.shecially during rareircumstancesas Kock
and Terasvirta (2014, 628) found when making predictions for the time period between
2007 and 2009 across different modgliechniques, including an ANMecondly dif-
ferent types of ANN architectures, optimization algorithms and hyperparameter setups
have their own effect on performandéirdly, random parameter initialization and the
stochasticity in the training procesgroduce variation also to the predicticarsd, thus,
alsoto theperformance resultgourthly, different data and preprocessing methods have
a significant effect on various elements in the prodeastly, the DL method3quick
progress has made someoh e previ ous studiesdé finding

met hodso performance.
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In general, howevert appears that DL methods are suitable in complex nonlinear
domainswhere the previous theory does not offer a clear understanding of the data gen-

erating process, or it is even thought to be too compleg toriiten in a functional form.

DuetotheANNGs f prvyompablte es, al ong with Qi (2001)

methods should be considered as a relevant option when forecasting macroeconomic
time-series Arguably, several important areas have not yet been studied and, therefore,
more ANN related research should be conducted in economics, conaspewallythe

modern DL methods, such #& more advanced RNN methods that, in theory, should
suit well prediction problems that include sequential dath long-term dependencies.

Qi (2001) found ANNSs suitable for forecasting3Jbusiness cycles, btite studydid not

focus on which type of ANN models suit the problem bidsince the findingsof this
studyshoul d be significant in assessing DL

casting, but also to the progreddlee macroeconomic forecasting.

met hc
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4 METHODS

According to Lutkepohl (2005, 1), itis common that the values of economic vardables
related to their own and some other vari a
a multivariate timeseries data for modeling economic process, particularly the business
cycles, is justified. In addition, as Baumohl (2012, 7) argues)JiBesconomy is a very
complex process and to understand it, even partially, requires using information from
various economic indicators. Though, understanding it, or furthermore predicting its fu-
ture movements, appears to be a task so challenging that sofessmals regard it as
Afa black box, 060 a function so complicated
as an entity whose inner workings are not revealed to the examiner. Hence, trying ANN
models that are also regarded as black boxes, thaliggtlly unorthodox in the domain
of economics, seem to be justifiable when based on the prevalent theories in ML, and the
previous findings that suggest using a model with sufficient modeling capabilities com-
pared to the attributes of the underlying @sx

The focus of thistudyis to empirically compare how the popular and prominent
recurrent neural network methods can handle predicting business cycles f@S. tsod-
omy. The emphasis is on gaining insights about their general performance, siimg fin
the best possible ANN solution for predicting theSUecession is recognized as a too
advanced task with the currently available knowledge and resolil@eexperiments are
conducted using the same setup, apart from the initial parameter vatiagrfochosen
RNN architecture to provide a fair comparisBmery RNN architecture receisthe same
training and testing setvheretheir performancés evaluated by using the lattevhich
included the 2007 financialrisis, a recession that only a feauld foreseeArguably,
finding the model that achieves the best test set performance scores in this setting does
not justify to regard this particular RNN architecture as the absolute best solution with
other methods or new datdowever, it might showhat thesuggestedL methods are
able to predict business cychkasd possibly, if several prospects perform well, it is justi-
fied to say that these methods deliver prominent instruments for economic forecasting.
Also, by testing different types of RNNdhitectures, it is possible to receive some infor-
mation about the necessary model capacity for the problem and the difference in the per-
formance between LSTM and GRU networks.

All the data handling operations, model training and examination were exegcuted i

Python 3.6 (Pyton Software Foundation 2019). The following Python libraries were used
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for data handlingNumPy by van der Walt et al. (201 Pandas by McKinney (201@nd
Scikit-learnby Pedregosa et al. (201 The models were created andined using Keras
library by Chollet et al. (2015), which consumed TensorFlow library by Abadi et al.
(2015).To speed up the training process, a Nvidia GeForce GTX 1080 Ti Founders Edi-
tion GPU was utilized. The various graphs in stisdywere createdby using Excel by
Microsoft Corporation (2018) and MatpldilPython library by Hunter (2007).

In the following sections, the whole setup used for creating the results is examined
in more detail. At first, the timseries data is displayed, followed byiatroduction of
the preprocessing algorithandits methods along with their parameters. After the data
related topics have beesviewed the selected RNN architectures are presented together

with a short reexamination of the training algorithm and itglerparameter setup.
4.1 Data

The chosen indicators for this study are issued using numerical values, making the pre-
processing more straightforwaithe data is gathered from various sources.pltis for

the selectedime-series arelassified into the follwing three categories: economic, fi-
nancialand behavial variables, and they are displayed in their own talhles and 6,

along with other timeseriesspecificattributes, such ass sourcefrequency, minimum,
maximum, mean and variance value overgéeod under investigatiosome abbrevia-

tions are used to make the large tables cleatt@ch are shown in table Zhe require-

ments for the timeeries are shown in the following list:

1 it has been tracked throughout the chosen period and the wholseiires data is
available,
it is accurate and reliable,
it gives valuable information about the underlying process, based on some eco-
nomic theory or expert knowledge and

1 it should cover the most fundamental aspects of the economic process, especially
relaed to the US. businesgycles.

Because of the first requirement, many, possibly otherwise prominent, indicators have
not been chosen. The reason for this significant decision is that an extended period of
mi ssing values woul d performdmeemégstivelyfahdatestoutt he mode

of the scope for thistudyto generate some estimatesilictfiese large gaps.
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Data source Abbreviation
U.S. Bureau of Economic Analysis BEA
Board of Governors of the Federal Reserve Systef BGFRS
U.S. Bureau of Labor Statistics BLS
U.S. Congressional Budget Office CBO
U.S. Census Bureau CB
Federal Reserve Bank of Chicago CF
U.S. Department of Housing and Urban Developm DHUD
Federal Reserve Bank of St. Louis FRED
London Bullion Market Association LBMA
University of Michigan UM

Frequency Abbreviation
Daily D
Weekly W
Monthly M
Quarterly Q
Others Abbreviation

Instead of the primary source, the thseries ige-
trieved from the following source

ret.

Seasonally adjusted

(SA)

Not seasonally adjusted

(NSA)

Will be differenced during the preprocessing

(Diff)

Table 37 Economic variables

Name Source Freq Min Max Mean Var
NBER based Recession Indicators for the
United States from the Period following the FRED D 0 1 0.133 0.115
Peak through the Trough (NSA)
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1
0,8
0,6
0,4
0,2
0
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4.2 Preprocessing

In this section, the selected data preprocessagttpodsare introduced. The preprocessing
algorithm, depicted in figure 28howsthedifferent preprocessing methoalsd the order

of these procedures. Two aims for the preprocessing algorithm are recognized. Firstly,
the data should follow the common rules and best practices irsénes analysis and

deep learning. Secondly, lookaheads should be prevented by creating a preprocessing
structure that simulates a reabrld application, where the fute information is unavail-

able.

Download [~ Detrend [ Scale —{ Interpolate [~ Reshape [ Split

Figure 2171 Preprocessing phases

The algorithm starts by downloading the data, followed by the detrending phase, where
thevariables with strong trends are processed by differencimabla scaling, a typical
phaseespecially when using deep learning methods, is introduced next. After the values
have been scaled, the missing values are handled by lun@aginterpolation.Finally,

the data is reshaped and split into training and testing set for the following training and
evaluation phases. The following sections introduce these steps in more detail, along with

some other dateelated matters and motivations.
4.2.1 Detrending andcaling

Some of the timeseries used in thistudycontain a strong trend that should be handled
by using some detrending methddhe chosermethod is differencing by using the pre-
vious time step. Sinc&NNSs do not require stationary data, detrerglis applied only to

the timeseries that showed strong trends. Differenégngxecuted by using PandBg-

thon library The following timeseries were detrended:

Personal Consumption Expenditures,

Median Sales Price of Houses Sold for the United States,
Mortgage Debt Outstanding, All holders,

Gross Private Domestic Investment,

Net domestic investment: Private: Domestic business,
S&P 500 Real Price by Month,

Gold Price: London Fixing USD ante meridiem and

Spot Crude Oil Price: West Texas Intermediate.
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After detrending, the data is scaled between 0 ahddrder to simulate a situation
where a model I's used during the testing
training set is scaled first, and then the testing set is scaled by using the tsamihgd s
minimum and maximum value§.he actual scalings done by using Scikt e ar n 6 s
MinMaxScaler functionAt this point of the processhe exact split dates already de-
cided and used for determining the two separate sets for scaling, but the dittisl sp

executed later, after interpolation and data shaping.
4.2.2 Interpolation and reshaping

One of the most important hyperparameters when usingsémes data is the number of
lags provided to the model. By determining thenber lags, one can affecttbea mp | e s 0
noisiness and nonstationarity, but there is a tatie’ he longer the sequence or, in other
words, the more lags per example are provided to the model, the more it can contain
nonstationarityln turn, the smaller theme window, the less thergends to be ifor-
mation, compared to nois@Moody 2012, 345 In addition to these findings, Nielsen
(2019,413 suggestshat there is a positive relationsiptween the number of lags for
prediction and input sequencdsis meanghat the further one wants to predict, the fur-
ther back onshouldlook in history. Typically, the predictions have fewer lags than the
inputs, but angommonratio does not exigor the problenand therefore some method
specific rationale and intuition are typically used instead.

A quarter year is a very common unit of measure in economic research and business
overall andhence it is usedas the length for the prediction sequenice cover the cal-
endar effets and include information concerning the léegn macro movements, the
input sequence is set to include 400 lAygh these properties and the chosen time pe-

riod, the data transformsto input and output data objedtsthefollowing manner

&\
"\ Lags Lags

Examples
<
Examples
e

Figure 2271 A depiction of X and Y
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The tensoi contains 12293 examples aadchexample consists af00 lags ofeach
explanatory variablen turn, the arrayo for thedependentariable also contains 12293
examples, each having 91 lags of oagable.As depicted in figure 22p has three di-
mensions and it came depicted as a cube, whereaasas only two dimensions and can

be shown as a rectangle.

(t)

Yo
————

t+1 t+91 t+92

Variables

B t
Figure 2371 A depiction of X and Y examples

Each example id represents some particular dagndis a data matrix that contains the
values for every 26 explanatory variables over the lastld96. In turn, each example in
wforms adata vector that contains the values of the upco®idndaysfor thedependent

variable as depicted in figure 23

create an empty array Y
create an empty thretmensional tensor X
for each variable
if dependenvariable
for each time step t
create a sequence of the values betweenifitetpolation buffer) and (t+92
interpolate this sequence
cut out the interpolation buffer
add the segence into Y
else(explanatory variable)
create an empty array-belp
for each time step t
create a sequence of the values betwe88%interpolation buffer) and (t)
interpolate this sequence
cut out the interpolation buffer
add the sequence intehelp

add Xhelp into X
Figure 241 Combined interpolation and reshaping function

The linear interpolation function by Pandasppliedfor handling the missing values in
the dataln order to avoid lookaheads, the interpolateocombined with the data shaping
functionthat processesach variable, one by onghis reshaping function creategher
400 or 91 lag sequencé®m the original timeseries depending onvhether the the-
series belong® an explanatory atependentariable, and creates the firabnd®data

objects The combinegbrocess iglescribedn detailin figure 24



4.2.3 Traintest split

According to Murphy (2012, 23), approximately 80 percent of the data isatiypused
for the training set and the remaining 20 percent for the testing set. stuitlysthe aim
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of the models is to learn to predict business cycles. Hence, the interesting phenomena in

the data are the five.B. recessiondetween the years 19&Mdd 2015. By applying the
80-20 rule, the training set should include four of the fiv&.Wecessions, and the last

recession, 2007 1S. subprime financial crisis, should be included in the testing set. The

split dateis set to 1.1.2005, shown in red in figure 25. In this way, the testing set also

includesslightly more examples dhe expansions. This favorable since their share of
the time period is considerably larger atitus, should test better how well the madel

predictthe more commoexpansion.
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NBER based Recession Indicators for the United States from the Period following the Peak through the Trough
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Figure 251 The train-test split
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In order to gain useful information from the traest split procedure, the training and

testing set should contain similar patterns. Over the lagedfs, the world has changed

considerably, but some of the basic dynamics have stayed the same. For example, the

spread between the short and ldegn interest rates for the$ Treasury bonds appears

to haveproducel valuable information concerning thieing of a US. recession over

many years (Qi, 2001), and they might also continue to be prominent for this particular

application in the future. By including the information abibwise types of indicatonsto

the training data, the models should beeabllearn the correlations between the explan-

atory anddependenvariablesand thus theyshould learn to predict the general pattern

at some level. Therefore, the proposed ttast split should be adequate for testing how

well the models generalizey ee n

t hough

t he

ably a considerable amount of noncyclical progressions.

economyo6s

evol
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However, using only one8.r ecessi on for evaluating some
ability to predict US. recessionsntroducesseveral possible shioomings. Every reces-
sion is in some way unique, for example, depending on its cause, and in this case, the
2007 financial crisis emerged from a somewhat untypical situation comprised of lax fi-
nancial regulation and moral hazard in the financial induBlopetheless, Reinhart and
Rogoff (2008) found the 2007 financial crisis having similar properties to the previous
financial crises, suggesting that the event could be predicted by using the previous cycles.
However it should be acknowledged that the proposed testing segifbe rather chal-
lenging for the models anthus,itmi ght yi el d pessimistic results
ability to perform in the future. Although this weaknesisnown, the available datloes
not allow using more cycles without applying some advanced methods for filling a large
numberof missing historical values. Howevepmying this type of method would not
servethe scope of thistudy, thatis to produce baseline findings for futuresearch and
improvementswhich could be affected too much by some unusual method.

4.3 Recurrent neural network selection

In DL, the modeltraining processdiscovers some set of parametimsa givenANN
model, but, typicallyit does nofind a desirableset of hyperparameters that defines the
parameter search. The potential hyperparameters form a vast search space of different
possibleconfigurations, each introducisgmeeffect on the parameter search. Therefore,
somesort of search should be performéal find a set of hyperparameters that enable
settling upon satisfying parameter valireshe trainingorocess
This studyis essentially a hyperparameter seasdtth three main research questions
related tdfinding a suitable RNN architecturEirstly, do thesenovel RNN methods ap-
pear useful in forecasting.S.business y c|l es? Secondly, from the mo
spective, how large architecture suits best this prediction problem? Thirdly, does either
LSTM or GRUnetworksoutperform the dteisin this taskThe researchoncentrates on
examinngt hese di fferent types &IfS.busieesaydesk sdé6 ef fect
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input layer hidden layers output layer

(i)

xl,[t—399 t]

- LSTM/
(i) GRU
2,[t=399, t]

LSTM/

Figure 261 Recurrent GRU or LSTM neural network architecture

As shown in figure 26,raartficial neural network typically has three different types of
layers: input, hidden and output layers. In thtisdy, the input layer receives the input
values for each explanatory variable and feeds them forwardftltweing hidden layer
one time ste@t a time.In turn, the hidden layerapply some arithmetic ggrations to
transform this datand in the end, the last hidden layedsforward the lashidden
activations for the exampbg index'Qthataremultiplied with the last weight matrix be-
fore ending up to the output laydihe ANN has then transforméfdi nst ance 6 s
valuesthatis a matrix comprising 408equentialzalues for every 26 explanatory varia-
bles, into a sequence of 91 values tiegresents thiorecastfor thedependenvariable
for the following 91 tine stepsasoutlined inthe following equation
QO b~ 0

The exact implementation of these methods might vary between difi2kelrythonli-
braries, buthe presented basic principles still apply.

The model architecture is recognized as one of the hyperparametersBy kKdep-
ing all the other hyperparameters constant, the hyperparameter search conducted in this
studyisabletoput i ts emphasis on examining the
forecasting performance. In practice, t@gtionshigs studied by training a set 8iNNs
with differentarchitectures and testing their ability to generalize by using the testing
As introduced earlier, the architecture can be changed, for example, by increasing or de-
creasing the number of hidden layers and the units on these layers. The intuition is that
the more there are hidden layers and units, andalseghe parametergshe more the
network can express different types of functions, meaning a higher modeling capacity.
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As introduced in sectio.5 models with different amounts of modeling capacity
should be tested. However, according to Bengio (201245810, in practiceit is funda-
mental to have enough units in the network,ahdrefore, if sufficient regularization
methods are used, one should rather have them too many than too little. Since two regu-
larization methodareused, L1 and early stopping, the conductecehygrametesearch
also includeseveral networks that one could find unnecessarily lEmgéhe problem.
Although largenetworks are typically recommended, small ANN architectures should
still be tested. It is possible that only a few patterns in theeattatery significant when
predictingbusinessycles anghence, using models that are capable of modeling fewer
relationships in the data can give informat.

outperform the larger architectures.

Table 61 The slectedrecurrent neural network architectures

LSTM network GRU network
1 2 2
2 4 4
3 4-2 4-2
4 84 84
5 16-8 16-8
6 32-16 32-16
7 64-32 64-32
8 12864 12864
9 256128 256-128
10 256-128-64 25612864
11 256-256-256 256-256-256

The selected ANN ahitectures are shown in tablevehere the number of units cells

is declaredonly for the hidden layers, the most left numbeingthe first hidden layer

after the input layer, and the most right numiseelated tathe last hidden layer before

the output layer. Each unit or cell on the previous layer is always connected to all the

following | ayer 6s u rshottterm wemoryccells &nd gated.recargent units

0
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arenot mixed in theproposedarchitectures in order to keep the number of different ar-

chitectures sufficiently small. Also, to enalbleomparison betwed¢he LSTM and GRU

networks, theyaretested with identical ardectures

These particular architecturagechosen for a few reasons. Firstly, as motivated pre-

viously, the selected architectures should cover a wide range of different model capaci-

ties while being limited by scarce computing resources. Secondly atigerof model

capacity under inspection should be traversed in a somewhat smooth manner, without

leaving wide gaps between any selected architectures. Thirdly, there is no widely ac-

cepted theoryor selecting the number of units per hidden layer. So,deraio traverse

as wide a model capacity range as possible, also the smoothness in mind, the lsg scale

usedto decidehe network architectureBloreover one could use any integer as a hidden

| ayer 6s

Wi

dt h,

b u dreusdee thacanaffer some mattedw tise dib f t

w

ferent architectureand aguitesmooth parameter increase on thgedoale, as depicted in

figure 27
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The interruptions to thparameter curves figure 27come when an additional layer is

added with fewer unitswhencompared to the previous last hidden layéus yieldfewer

connections betweehis newlasthidden layeand te output layer than previously and,

thereforethecurveappears irregular when depicted by usandy the number of param-

eters.However,it should not beas significanta problem from tle

mo d e |

capaci:

spectivebecause the additional layeffers an additional amount of model capacity.
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Hence the nodel capacity can be thought to increase smoothly between the selected ar-
chitectures.

As introduced in section 2.7.10, the initial parameter values should be small and de-
termined by using some random distributidihis randomnesscattershe results and
thus, the training and evaluation should be repeated in order to get a better understanding
of thedifferentar chi t ect ur e s 0 s (Geanes 2042 30.p FortHisaoeasom n c e
each architecture optias trained three timesand the emphasis on e\aluating these
threemodel® av er a g e Tpherefofeeachraahitectere option forraa ensem-
ble of threeRNNs whose predictionarethe average dhese threenodel® imaeis.

During the training of the selected 66 RNkkthitectures, the optimization setup is
kept unchangedSE is chosen as the loss function for training, and an L1 regularization
methodis introduced to drive weight decayhe L1 coefficient hyperparameterset to
0.00001. The cost functiocaddsthe MSE loss function and the L1 regularization term
together. The gradientgsecomputed by using backpropagation through time algorithm.
Nesterov accelerated stochastic gradient descenawifical 0.9 momentum coefficient
with minibatches of 32 examplese used for updating the parameter valtdglearning
rateis gradually decreasdzbtweerthe training epoch®according to the following equa-
tion

& Tz d7 O
The maximum number of epochs for each iteratgoset t0200, but early stoppings
executed whenever theigeno improvement in the test set cdsting the las5 epochs.
The last parameter valuasekept after the training proceskghe initial parameter values
aredetermined by using a Gaussian distribution with a mean of O aaddastl deviation
of 0.1. Now, when all the other hyperparametben the model architectuegefixed,
the emphasisanbe put on examining theffect of different RNN architectures on the

forecasting performance.
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5 RESULTS

The results yielded eonsiderableamount of information about different types of phe-
nomena. These phenomena are examined by dividing these findings into smaller sections
that present their relationghto thethree main research questions, or ineotivords, to

t he mod el tgpéand cwgradl performanceirst, the training processes are eval-
uatedto assess information concernin@ gelectedptimizatonmet hods d sui t a
train the propsed modeld-or example, did the chosen methods ani typerparameter

values provide a sufficiergnvironment for the differentR\s to learn @ predict US.

business cyclé&sThis examination answers partly to the first research questi@vaby
uatingthe chosen methodsuitability for the task at handAfter thetraining process is
evaluated, the performancelated findings are inspected in smaller segments. First, the
bigger picture is examined, followed by sections that concentrate on some gagreul
chitecture classodo results, along with so
standing the process and results furthem@ddition gopendix 1 and 2 provide compre-

hensivetables of all theteration and ensemble specific results
5.1 Architectures and the training process

Before examining the performanoelated results, one should examine how consistently
the training algorithmwhichis the combination of methods used for optimizing the pa-
rameter values, such as the cost functionf BMAG and their hyperparameter values,
could drive theproposedmodels towards better performan€er example, did it allow

the models to find reasonably well some minima on the cost plane, thus enabling a fair
and valid comparison between the propoaszhitectures and their type§&he way of
evaluating the training algorithmés suit
findings in line with the existing theories and other reasonable expectations that are drawn
from the training algor t h chéracteristics and thproposedRNNS, such as the chosen

cost functon and the number a@iptimizableparameters.

One should expect that larg®NNs take more epochs to train on average because
there is more cost to decrease. This is dwelemgenumberof parameters, L1 regulari-
zation and random parameter initialization. AlErge networks might introduce more
variance to the training process becauselafge number of epochs, that introducese
chances to factroubles on the cost plankough tle learning rate is reduced throughout

the process to make the parameter updates more gradual towards the end of the process.
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In turn, smalhetworks might also introduce slightly more variation in the training process

because the learning rate stays rakign throughout their typically shorter training pro-

cess, making them less capable of settling to some minima on the cost plane

Table 77 Architectures and epochs

Architecture LSTM epochs avg. GRU epochs avg. LSTM epochs var. GRU epochs var.
2 39.667 28.334 376.334 0.334
4 32.667 35.334 2.334 162.334
4-2 34.667 29.0 6.334 1.0
8-4 50.667 29.334 114.334 1.334
16-8 33.334 28.334 85.334 2.334
32-16 35.667 27.0 21.334 0.0
64-32 41.667 37.0 126.334 300.0
12864 52.0 32.0 76.0 61.0
256128 70.667 113.334 94.334 4266.334
25612864 94.334 152.0 134.334 1828.0
256-256-256 129.334 177.334 3889.334 1541.334
Mean 55.879 62.636 447.848 742.182
- Architectures and epochs 250 Architectures and avg. epochs
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Some of these aforementioned phenomena can be verifiadlen7andfigure 28. The
larger networks in thistudy typically took more epochs to train, although only three
iterationsreachedhe maximumof 200 epochs. They alsotroducedmore vaiance in

the training durationvhen compared to other optigrise three largest architectures had
five of the ten highestpoch variance scores. In turn, the smaller networks took consid-
t he ons r el

erably fewer epochstotraifios u ppor t assumptii

ated
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problems to settle during the training process, the results show that the three smallest
architecturesiccounted for two of the ten highest epoch variance scores, though in con-
trast, most of them offered very low values. This indicates that, while some variation
among the small er mod el apgeardovesalatmar milgangp r o c e
therebre, the training algorithnseemsdo have suited the smaller networks satisfactorily.

This is also verified in the following sections that show that the smaller architectures were
able to deliver similar performance to the larger networks.

When comparinghte two different techniques, LSTM and GRU, one can find that
the GRU networks showed much more variance on average when the number of epochs
is examinedAlso, while the small and midsize networks using GRUs seem to have con-
sumed fewer epochs during thaitring process than the matching LSTM networks, the
largest GRU networks used remarkably more epochs than their LSTM counteXparts.
first, this difference appeaaait of place, but, as the further examination shows, it seems
justifiable if LSTM networksare considered to possess more modeling capacity or de-
mand more regularizatigdghantheir GRUequivalentsHence, they would be more prone
to overfit the datawhich, in turn, would have yielded shorter training processes due to
early stopping.

These findngs suggesthat the chosen training algorithm seentshavesuited the
task at hand, but did it offer a level playing ground for all the proposed architectures? It
is good to acknowledge thadeally, each networkhouldbe trained by using a tailored
training algorithm thatvould achieve the best possible performan€éhat particular
network for some particular problem. However, as is traversing all the hyperparameter
options recognized impractical or even impossible with the current computing costs, so
is finding the best possible training algorithms for each netanatkitecture. Hence, one
has to settle for less, and here, the focus was more on the general results than on finding
the absolutdest architecture for the problem. Tdt®sertraining algorithm satisfied this
need by allowing a basic comparison betwdengroposed network architectures ,and
also,it appeargo haveofferedvalid results that can be used in future work.

As the following examinatioshows the midsize LSTM architectures offered the
best performance when measured with the test set MSE ARd it the other networks
were not far behind. This suggests that the playing field was quite even between the dif-
ferent models, though some of the networks shawetealbehavior, such asverfitting
and unstable training, that might have been possildeoid by using a different training

algorithm.
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5.2 Model capacity and performance

The estimates of the generalization error for the proposed RNN models are depicted in
figure 29, wherethe model capacity is representau the xaxis by thenumber of opti-

mizable parameter$he log scale is chosen in order to make the graphs easiterpyén

On the yaxis, the chosen error measure is displayddch is either MSE or MAE for

the testing set. On the left side graphs, the results for each iteration are shown to illustrate
how much variation exists between all the 66 iterations andagelhecture. On the right

side, the average values over all the three separate iterations for each architecture are
pictured. These two graplssiowthe relationship between the generalization error and

the model capacityAccording to thebiasvariance trad®ff theory, the relationshifs

typically an upward opening parabola if undand overfitting exists. The data pictured

by these graphs is also available in taBl@nd %or more accurate inspection.
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Figure 2971 Errors for single iterations and ensembles

MAE yielded higher error values due to reasons explained in seffo@l, but also
because it was not included in the cost function, unlike MSE. Hence, the models ended
up concentiting on minimizing MSE instead of MAEhatgenerated slightly differently
behaving models than what would have been achieved by using MAE. Now, when using
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MSE instead of MAE the models werencouraged to output more early warning signs.
Because some ¢iie models ended up offering more early warning indications than oth-
ers, MAE showed slightly more variance betwémseparatéteratiors and the average
values over the three iterations for each architecture. Msen measured with MAE,
one outliemppearsn the result datavhichwas not as striking when measured with MSE.
This one particular model was very different from the otherefsogince it did not predict
any cyclic motion. This distinctive model is examined in more detail in sest{bn

When observing the general pattern in the graphs, the GRU netaap&arto have
offeredquite similar average performance with each propaselitectureoption, unlike
the LSTM networksthat offeredthe best performance with thigreemidsize architec-
tures: 168, 3216 and 128&4. This finding suggests that these midsize LSTM models
were able to offer the most suitable model capacity fotable at hand with the current
setup. Asis examined in more detail in secti®®b, the large LSTM netwds showed
signs of overfittingthatmight explain the slightly worse performande.turn, even the
largest GRU256-256-256 model did not show signs @ferfitting in the training graphs
Hence, it is possible thalhe three largesERU architecturesveremore robust against
overfitting, which could also explain why they weable to offergenerallybetter results
than their LSTM equivalents. Otherwighe LSTMarchitecturegould offer on average
similar orevenslightly better performandban their GRU counterparts

When examimg the GRU networks, it appedisatthe largest networks mayot
haveoverfittedand &en the smallest networks se&nmavehandlal the task quite nicely
when measured with MSE and MAEherefore the estimated generalization error curve
for the GRU networks did not resemble a curve all that mQahthe other hand, when
examining the LSTM networks, the three midsize éechures: 168, 3216 and 6432
offered better performance than the smaller ones, and the larger LSTM architectures could
not take advantage of the additional model capacity and, instead, ended up overfitting the
training dataHence, the proposed upwangening @neralization error curve seeltos
exist for the LSTM architectures. THiading suggests that LSTM celisight offer more
modeling capacity than GRUI$.can possibly be explained by the fact that the GRUs are
simplifications of the LSTM unitand they have slightly fewer parameters, but this
ferencehas not been verified in the previous studies. Instead, they havallyypeced

somewhat similarlyGreff et al. 2017;Jozefowiczet al.2015)
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Table 81 Architectures and MSE for ensembles

Architecture LSTM MSE avg. GRU MSE avg. LSTM MSE var. GRU MSE var.
2 0.049334 0.059608 0.001863 0.000163
4 0.065772 0.063266 0.000234 0.001547
4-2 0.060348 0.059747 0.000234 0.000001
8-4 0.059149 0.066610 0.001875 0.000050
16-8 0.047388 0.064997 0.000743 0.000807
32-16 0.036788 0.068064 0.000428 0.000056
64-32 0.061680 0.057906 0.000617 0.000028
12864 0.049957 0.064641 0.000002 0.000021
256128 0.074477 0.057347 0.000295 0.000894
256-12864 0.070708 0.063725 0.000314 0.000140
256-256-256 0.066753 0.057201 0.000624 0.000203
Mean 0.058396 0.062101 0.000657 0.000355
Table 97 Architectures and MAE for ensembles
Architecture LSTM MAE avg. GRU MAE avg. LSTM MAE var. GRU MAE var.
2 0.090180 0.094714 0.002221 0.000221
4 0.103717 0.134354 0.000243 0.004808
4-2 0.092278 0.086870 0.000499 0.000001
84 0.099685 0.098398 0.001916 0.000148
168 0.081731 0.113291 0.000885 0.000644
32-16 0.070914 0.100011 0.000480 0.000077
64-32 0.101216 0.096346 0.000572 0.000032
12864 0.080880 0.098514 0.000048 0.000008
256128 0.113900 0.089432 0.000291 0.000937
25612864 0.098769 0.084791 0.000476 0.000205
256-256-256 0.097856 0.103426 0.000688 0.000824
Mean 0.093739 0.100013 0.000756 0.000719

The LSTM ensemble models achieveder MSE and MAE valuesn averaggebut they

typically introduced more variance between the three iterations of each architecture than
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the GRUcounterpartsHowever, thegapb et ween t hese two met hoc
notwide andin fact, they typically included similar behavior in thpredictions.

MAE penalized more frondeviations from the real valuésan MSE These devia-
tions can be either useless or uselfidsed on how well gives information abouthe
future values When examining the graphs in figure @0tables 8 and 9 it appears that
the GRU networkdpredictions varieanorefrom the real valuedvioreover based on the
MAE results, the GRU networksereslightly weaker than the LSTM networks, but be-
cause useful early warning signs are recognized as an advantage, the conuaan®t
be decidedby using only the MAE and MSE scoreBhesedeviationscould either be
noise, false predictions or some useful information for early warning purposes, possibly
suggesting that a probability for a peak or a trough to happen hasH®&gver, the
quality of these deviationsan only bedeterminedoy viewing the actual predictions, as

is done in the following sections.
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Figure 3071 Variance per architecture
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These pedrmancerelated results appetarhavecorrelate with the previously examined
training durationsCommonly, the more problems occur during a training process, the
more its error measures oscillate during it, and, due to the early stopping, the training
| engt lybetween the itenatpns sfithg samefaichitecture. This
typically had
that, the more there was variation in the number of epochs for some partichitacarc

processo

variati on an e fThegasults show t h e

t hese
LST

ture, the more there seeto havebeenv ar i ati on bet ween

However, as can beodind from the graphs in figure 30 t he smal |l er
performance betweehe iterations of eachrchitectue variedmorewhen compared to

the larger LSTM network&Vhereas, apart from the outlier, the GRU networks intragdiuce
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the opposite behavior, where the performance results between the iterations of each ar-
chitecture varied more among the larger GRU networks than the smalleBenasse

the GRUmodels offeredelatively good results also with the larger architectures, it ap-
pears thamuch ofthe higher variation between the performan@snot due to actual
problems during the training process. Instead, it might be related to where on the cost
plane the training process ends. Because of the longer training processes, tkéRarger
networks coulchavemoved more on the cost plane arttius, eventuallyendedup on

very different local minimarhis, in turnwould have generated very different parameter
values anghence, differat behavior in the predictions.

When compared to their LSTM counterparts, the large GRU networks introduced
notablyl onger training processes. This was due t ¢
to owerfit, that together with the applied early stopping method, made the training pro-
cesses stop sooner than their GRU equivaleriish did not show significant overfitting
effect, as is examined in more detail in sect In addition to their shortdraining
processes, it appedizatallt he t hree | argest L $adMonme+ chi tectu
what similar training durationsith each other ancence the variance betwen their
performances not stikingHowever , even though the | arge GRU
ied more than those of the smaller GRU networks, their variance in MSE and MAE was
similar to the large LSTM networks.

Apart from the three largest architectyrdg® GRU networks showgger architec-
ture,typically less variance betwedémetrainingdurationand performancef each itera-
tion when compared to the LSTM networKde training duration was similar between
small and midsize architectures of both types tratefore it is not a probable explana-
tion for this phenomenoiMoreover as was also suggested eariiethe training process
is short, the learning rate dosat receive low values, making settling to some minima on
the cost plane difficult. Instead of settling, the parameter values might continue to move
arbitrarily onthe cost plane and end with an uncommorparameter setugdowever it
does not explain whgnostlythe small and midsize LSTM networks appear to have suf-
fered from this type of phenomenon atitls,is assumediynot a suihble theory. As is
found insection5.4, even the GRU outliemvhich also had a small architecture, most
likely did not suffe from this type of defect in the training algorithm. To point out, even
the best performing architectures, the midsize LSTM networks, produced more variance

than their GRU equivalent8lso, the random parameter initialization in the training pro-
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cess mighhave generated some untypical resuitg the difference between these net-
works appearquite systematical antherefore it was probably not created by chance
No satisfactory explanatiomnas foundior why GRU networksveremore stable in gen-
eral thantheir LSTM counterpartsThis suggestshat more work should be dgnfer
examplejn testing different hyperparameter valaesl other methodslated to the train-
ing algorithm to find if the cause is in the selected training setup.

So, it appearthat commonlyt he mor e there was variat:.
training durations, the more their performance vaiiedddition to this finding, the large
GRU networks showed that the longer training processes also introduced additional var-
lance tothe performanceHowever the small LSTM networks seeta have suffered
more from performaneeelated variance, possibly because the training process did not
reach small learning rate values, but this cannot be verified because this behavior did not
appea as significantvith the small GRU network$&urthermorethe reason for why the
LSTM netwvorks appeato have variednore than th&RU networks remainsnclear All
the proposed GRU networks seem to haffered quite similar performanceln turn, the
midsize LSTM networks generatéypically better performance than teeall and large
LSTM networks.

5.3 The performance of thesmall architectures

Surprisingly, the small networksgere able to find relatively good parameter values, even
thoughthe training process was typically quite short,amehce, the learning rate had
only relatively large values. The training process evolved quit&bause théearning
rateswere largeandthe cost from L1 regularizatiomwassmall With the three smallest
architectures, theraining process typically lasted less than 35 epochs. Because the early
stopping method introduced an extra 25 epochs after the smallest test set cost was
achieved, the @gal number of needed epochs was close toAger that point,it could
not improve the accuracy of the model. Instead, it drifted away from the lowest value.
The small GRU and LSTM networks fared quite differently in this study, as seen in
tables 8 an®. Where thesmall GRU networks could offer relatively staplerformance
values for the test set, apart from the aforementioneequtie LSTM equivalents seem
to havealteredmore from each other when measured with either MAE or MSE. Although
there isa notable difference when examining the performaetaed variance, the taal

estimates for the test ssppearedjuite similar
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The graphs in figure 38howthe average estimaté®m all the three networks of
each architectre option All the forecastgor each time step in the testing set are shown
in one graph on top of each other. The color cyan is used for illustrating the estimates,
where the more estimates are located in soree, dhe darker the color. The redlor
represents the real vakieApart from the GRWl  a r ¢ h iresadts, alluhe sedvorks
could identify the recession and its ending quite well. The biggest differences came from
the number of early warning signdlefore the recession. The less there were notable
early warning signs, the smaller was the MAE error for that parti®@NeN architecture
asshomintable9 When comparing these six -d4rchitectur
2 seemdo have beeithe most &ble before the ression, and it alsceceivedthe lowest
MAE score in this grougdn turn, LSTM2 networls could offer the smbest MSE value.
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Figure 317 The average stimates for the three smallest LSTM and GRU &chitec-
tures
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It was common foall thedifferentarchitectures, small or large, show some early warn-
ing signs before the recession. Interestingly, narthesemodels forecastda peak be-
tween 2006 and 2007. One possible explanation forbitsviorcomes from a dip in
S&P 500 during that time period, along with some other possible triggering conditions,
such as decreasing OECD Business Confidence Index for$harid a low yeld spread.
When comparing the forecasts before and after the recession, one can findiad-the
el pr edi c typically sonsierably lesd after the recessibhis indicateghat
the probability ofarecessiorio occurwas very low for the Ub. during that periogwhich
is more or less correct. Furthermore, this finding suggestthsg modeldid not suffer
much from pure nois@nd the early warning signs are due to relevant patterns in the data

In addition to low noise and notable earlgmwing signdor the 2007 peak, it was
commonfor all the networks to forecast the recession to end slightly before 2009, which
could be classified as a clear mistake. This defect might be dugfaothigat thgrevious
recessions in the training daygoically lasted less than ten monthsturn, he recession
in the testing set lasted for 18 montti@twasunprecedented for theodelsand thus
could explain why they predictedtd endso early However, &er this common blunder,
all the networkscontinued to forecast a recession, sometimes even slightly longer than
necessary. The midsize and large networks could generally signal slightly better when the
recession ends than the smaller ones.

When the shape of the predictioagonsidered t he smal |l net wor ks
to have a strong curve instead of a straight line, which is rpénplexingwhen predict-
ing a binary timeseries. Nalefinite explanation for this type of behavior is offered. One
possiblereasonis that the smallenetworkswere able taoncentrate only on a limited
numberof phenomena in the data amence theyformedtheir forecasts from a smaller
set of concepts thatereonly enough to position and twist some preferred shape. In turn,
the larger networks coulcteate moreophisticatedlyshaped forecasts, though they had
problems positioning themas is shown in figue35 and 36However, this theory cannot

be verfied with the available results.
5.4 The third GRU -4 iteration

The worse iteration in thistudywasthe GRU4 ar chi tectureds thir
timates for the testing set and the cost curves from théngganocessreshown in figure
32 It appears that the training got stuck at a local minimminich made the modegdre-

dict only thevalues betwen 0.100 and 0.111. Interestingly, these values are close to the
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recessionsod share of realizations in the trai/
indicatesthat a cost plane can inclulieal minima thatmake an ANN able to fit the data

similarly tosomeother model options, here a straight line. To answer how this particular

net workoés parameters ende dnecag edarmineithe costt hese pa
curvesdepicted on the right side in figug2.
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Figure 321 The third GRU-4 iteration

It is possible to derive from the cost curves that the training process happened to evolve
the model parameters to a direction where it ended up stuck at sorekigirea on its
cost planeThisincidentis probably not due tanespeciallysteepshapeon the cost plane
because thatould have yieldedery high gradient valugshat in turn, would havecon-
tinued to show in the following gradients due to the momentum. térfhat tke cost
curves indicate is thaafter the risdoetween epochs five and seven, the prodabsot
vary much, whichsuggedt relatively steadygradients The trainingprocessgot stuck
immediately after climbing o top of the higkcost area, suggesting thiie process
missed the steep hill and ended up straight on top of this particular area.

Asis shown inappendixl, MSE generated significantly less error than MAE for this
particularmodel When conglering the training procesthe smakr error also meat
smalkr cost anghence, less significant gradients tha&renot enough to move out from
theundesired location on a cost plamberefore the use of MSEEanbequestioned, and
testing MAE as théoss functiormight be desirable in future work.

Although this result is exciting, it is far from ideal when trying to preditiness
cycles. These unorthodgxedictions yielded, not onlery high MSE and MAE values
for this particular iteration, but also a significaegative effectonthe GRY net wor ks 0
combined performanceas seen in figure 3nd the performaneelated tables 8 and 9.
This exceptional outcomalso make interpreting thegeneral pattern less convenient.

Moreover, nothing similar exists in theseuks. Several heavy oscillations in the test set
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performancevccurreaduringa few training processethiatmade them stop at an unideal
point with unideal parameter valudsjt also in these cases, $k@etworks wereable to

find the strongest patternthough beingftentoo pessimistic and predictingp@aktoo
early. Also, wherthese networks wereombined with one or two successful iterations,
the ensemble fared reasonably wafild the outcomegresomewhat in line with the re-
lated theories. In contsg the GRW4 ensemble could find the general pattern, thanks to
the other two networks, but it was severely distorted. For this rasstast seMSE and
that did

mance aagrately, suggesting to regard it as an outlier.

MAE receivedhigh values, not reflect this p

5.5 The large architectures and overfitting

As shown in the graphs in figu@8, all the GRU architectureachieveda somewhat
similar performance apart from the outlier, and no significant drmteoverfitting is

On t he hand,
thebiasvariance tradeff appearsThe smaller LSTM networks with lessodeling ca-

found. ot her when examini

ng

pacity tended to be outperformed e midsizeLSTM networks, and after some point
when the network siagasincreased enough, the performance began to drop due to over-

fitting.

test set error

Error for LSTM ensembles

Error for GRU ensembles
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net wor ks 6 waspreabibly mosihdeie td tloe umderfiitiogeeffect
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thatwascaused B insufficient modekapacity,it may also have been causedanyuni-
deal training algorithm, as suggested previouBherefore unfortunately, more experi-
ments should be done before a clear understanding of thefitiimdgeffect can be ob-

tained
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Figure 341 Test set MSE over theraining epochs the three largest LSTM and GRU
architectures
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In addition to the findings related to overfitting, one can notice that thetthining
iterations ofGRU-256-256-256 and LSTM256-128-64 facedproblems during the pro-
cess These types of oscillationadicate that the cost plane includes strong shapes that
might affect the training signidantly, as depicted in figurkb. A steepedge on the cost
planemaymove the training process considerably on the cost plane if the gradient values
are not limited Limiting the gradient values, a method called gradient clipping, would
have made the trainingrocess more robust againstdhgypes of heavy oscillations. In
thisstudy, the mometum dampens this effediut, apparentlyit wasnot enougho make
it inconsequential

The large LSTM networks that suffered from overfittsigould be slightly too sen-
sitive to the changes in the data. When examining the average predifttbese pro-
posed large architectura@sfigure 35 one can find that the overfitting effect on the pre-
dictions was not very significamthen compared to their GRU counterpalfisr example,
during the expansions,he | arge LSTM networksodé mpmredic
even closeto zerothant he equi val ent GRU net worksoé p
methods introduced early wang signs extensively. Interestingly, the clear early warning
signalsof the GRU256-256-256 networks were mostly generated by the third network,
thatsuffered from severe oscillations during the training processtianslended upin-
ideal. Moreover, theetworks that did not have a smooth training process were typically
more pessimistic, predicting recessions more than neceS&mappendicesand 2for
more exampled his suggests that the models leatto predict lessecessioawhen they
iterated dwards the lowcost area®n their cost planesand that the initial setting was
quite neutral for predicting these two output validssither, recession or expansj@pp-
peardo havebeenfavored significantly by the chosen method$iaithese unideal mod-
elswerecombined with the othdwo networks, theyfferedmore early warning signals
and thereforethis behaviowasless harmful

The reason why there does not seem to be a significaneditiebetween these two
methodsis arguably due to their similar performance when measuring with MSE and
MAE. Al though the | arge LSTM networksd pr
sitive to noise and ungeneralizable phenomena in the data, th&Rtgaetworks could
not do much better. Thus, the overfitting effectlsarerwhen compaed to the midsize
LSTM networ ks & pr,ahdchaferad the kst perfornfandgso, thiss 3 6
indicates that the large GRU networks might hsamehowoverfit the data even though

they did not show rising trainirgrror curvesUnfortunately, this phenomenon is difficult
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to examine further with the obtained results and, thus, is left out of the scope of this study,
but should be revised in future work.
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Figure 351 The average estimates for the three largest LSTM and GRUrehitec-
tures

As proposed earlier, the networks whigh model capacity should have been able to
modify their pedictions more than the smallegtworks. Here it shows as more scattered
predictions,which arenot desirableunlessif they offer some meaningful information
Furthermoresome of the predictions were unnecessarily low or fbglow 0 and over
1). It appears thathese larger netwks found outthat it is useful to shoot predictions

almost along the vertical line, either upwards or downwards, but for EaBentiming
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and placing these predictions on the right spot on the vertical axis emerged difficult, es-
pecially when predicting trough.

If the early stopping indications are considevséful the networksappear to have
been relatively successfwhen predicting theeginningof the recessiarHowever pre-
dicting when it ends washallenging.In fact, t appears that the smalleetworks fared
rather well against the othproposed networks because their predictiwes: more sta-
ble during the recessiolt is possible that the larger networks began to overfit to the
training datamore than the less capali®delsand hence enphasized more, for exam-
ple, the finding that the recessions did not typically last more than ten moH#sce,
instead offocusing on thegeneralrelationships in the data, the large netwqukssibly
started to apply these trainisgtspecific findingamoreon the testing setnd thus, could
not generalize wellWhen compared to the otheizedar chi t ect ur,thes & prr
small and midsizeetworksappear to haveocused better on mogeneral relationsps
in the data because their predictions are less dispdfdbdse findings are correct, it

furthersuggestshatthelarge GRU networks might have overfitted the data.
5.6 The performance of themidsize architectures

The architectures 18, 3216 and 6432 are considered in thigudy midsized.As sug-
gested earlier, the midsize LSTM networks offered on average the best performance when
measured with the test set MSE and MAE. In contrast, the equivalent GRU architectures
hadt ypi cally very smal/l deviation between
slightly worse performancéloreover, wo out ofthreebest MSEand MAE scores be-
longed tothesethreeLSTM ensembleswhich suggests thahese midsizeLSTM net-
workssuitedthe task at hand rather well with the chosen setup.

The midsizeLSTM networkscould outperform their GRU equivalentghen MSE
and MAE are considerednd italsoshowsin figure 36as morestable predictions~or
example, after 2010, the GRU predictiorsswconsiderably more than the LSTM pre-
dictions, which waslsotypical among the lgier networks, shown in figure 3bhe rea-
son for this phenomenon remains unclear, but it might be related ma@ReJ itself
than on the network size because it didapggear when LSTM cells were used. However,
when examining the smallare t wo r k s 0 figure 8l tmsaahavisr did mot seem
to appear, suggesting thaheeds a large engh network with GRUs to occur, though it
appears stronger with thesedsize network architecturdéisan with the three largest ar-

chitectures and, hence, it might not relate strictly to modeling capacity and overfitting.
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Furthermoreas themidsizenetworks began to favar vertical line as the shape of
the predictions whethe probability of a peak or troudb occurincreased enouglthe
GRU networks had more troubles placingsle predictions on theaxis. For example,
these midsizé5GRU networks tended to predmansiderably lower values than necessary,
whereas this efict was notably smaller with the LSTM counterpartse midsize GRU
networksappeartto have beetoo sensitive to changes in the input dathichis typical
for models that suffer from overfittingn turn, he best models in thsudycould stand

out bylimiti ng these defects, suggesting that they possessed a suitable modeling capacity.
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Figure 361 The average estimates for three midsize LSTM and GRUrehitectures

Similarly to the other networks, the midsize networks also tended to predict a peak be-
tween 2006 and 2007 and a trough too e&dain, the notable difference here was that,
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the more the network possessed modeling capacity, the worse it tended totpeedict
trough. This finding is true for both network types, thoughasslightly more severéor

the GRU networksThis suggests that much higher modeling capacity would not probably
suit the problem andhere, LSTM16-8 and LSTM32-16 appear thhaveoffered the best

performance based dmoth:the performance scores and the plotted predictions.
5.7 The best architecture

When measured either with test set MSE or MAE, LSIML6 ensembleachieved the
lowest value. Although the performance for the ensemble wasbiesitherelatedvari-
ance values were slightly wup, suggesting
predictionsexisted.Also, because of this variation, their predictions may have corrected
each other just right when averaged and, tiekjed an excellent ensemble performance.
Although this effectwas somewhat common with the proposed ensemiblasas not
particularly strongvith LSTM-32-16. Two out of the three lowest test set MSE scores
betweerall the separate iterations belonged 8I'M-32-16 networks, indicating that the
first placeis somewhat deservetiowever the performance was slightly worse when
MAE is considered, suggesting that some beséftvebeen gained fromombining this
ensemblavhenthe effect othe modebkpecifc noiseand other behaviavasreduced, but

it wassomewhatommon for alktheensembles.

Table 107 LSTM -32-16 performance

Architecture Epochs Test set MSE Test set MAE
LSTM-32-12 ensemble - 0.0368 0.0709
LSTM-32-12 iteration 1 41 0.0743 0.0983
LSTM-32-12 iteration 2 33 0.0359 0.0686
LSTM-32-12 iteration 3 33 0.0417 0.0556

The graphs in figure 3&re in line with the relatefISE and MAE scores in table 10he
second networ kds pr ediwarning signsthabgerferatedesdmen o t
MAE, but it wasable to keep the predictions otherwise relatively consigtéhtthe real

values In addition the second network favored mosarsnetrial curve shaped predic-

tions than the other two networkshésetypes of predictions were common amotige

smallnetworksandas pr oposed earl ier, the | arger t



92

shapeappeardo have variedpossibly because of tinebility to take more patterns into
account. Thus, this second LST32-16 network might have concentrated on fewer phe-
nomena in the da than the two other networks and, therefore, could generalize better.
The third networkos predictions offered con
the other two networlépredictionsand hencejt generated less MAE. However, it was
not able to be as consistent during the recession as the second netwdhkigndas
penalized slightly more. Although the first network received weaker MSE and MAE
scores, it offered the besarly warning signs from these three networks. Interestingly,
the first and third networks generated unnsagly high outputslt seems that these net-
works learned to form a suitable output shape for predictsgk and trouglas opposed
to the secnd network, but they were, along with several other midsize and larger net-

works, rather awkward at placing it correctly on thaxys.
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Figure 371 LSTM -32-16 predictions

When hese three relatively differepredictions were averaged, the end result offered
guite nice behavior. Apart from predicting a trough too early, whichalsmsomewnhat
common among all the proposed networks, the average predistvasather pleasing
and yielded the best performarafeall the chosen architecture optioiibis suggests that
the proposed methodsesuitable for predictindpusinesycles if this type of architec-

ture is usedn conjunctionwith someensemblesolution.
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6 CONCLUSIONS

This studyfocuses omow several different recurrent neural netediRNNS), compris-

ing either long shosterm memory cell§LSTMs) or gated recurrent uniféRUSs) can

handle predicting L. business cyckbetween the years 2005 and 2015. The fspt®

posed architecture®eersa wide range of possible model capacities from networks with
one hidden layer and less than 600 optimizable parameters to ones with three hidden lay-
ers and over one million adjustable parameters. Each different archiisttameed three

times andhese threseparaten e t wo r k s 0 arpaveeaded together to €reate en-
sembles that could represent betker potential performance efch archécture How-

ever, even with thappliedprecautions, the results showtablesigns of volatility.

According to the asvariance trad®ff, the outof-sample prediction performance
can indicate which model is the most suitable for finding the general pattern in the se-
lected dataset anthus,revealwhat type of models one should apply for predicting the
future examples. However, while these results fietfing asuitable RNN architecture
from a vast set of viable alternatives, they were generated by osipgnepossible
group of methods and hyperparameté&teerefore it is highly probable that theseeth-
odsd per f or manideaticalio e othersetup.ppear

With the proposed settingvhich comprised typical machireand deep learning
methods, the resultecommendisingLSTM networkswith two hidden layers anthe
number of optimizable parameters shouldobeveenl 000and100 000 Interestingly,
wheresome ofthe LSTM networks showedearsymptoms ofunder and ovefitting,
thar GRU counterpartsperformance did not varsignificantly betweenlifferent GRU
architecturesandther under and overfittingeffectremainsslightly obscureFor exam-
ple, he large GRUhetworksdid not offerevidentsigns of overfittingin thdr training
graphs but their predictions included behavior that is similar tolténge LSTM net-
worksdpredictions, which suffered from overfitting.

TheLSTM and GRU networks fared differently depending on the measure and nei-
ther could outperform the other in #fle examined areas. When based on the preferred
performance metrics: meaguared error and mean absolute error, the midsize LSTM
networks could offer the best performandewever, sirprisingly, even the smallest net-
works in thisstudycould achieve good performance, suggesting that one does not need a

vast RNN architecture fanodeling business cycles if LSTM cells or GRUs are used.
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Becausewide range of architectur@seable to learrthe general pattern satisfacto-
rily, these novel RNN methodsin be recognized amteworthy solutions for business
cycle forecastingHowever, more research should be conducted to verify these results
and, also, to findvenmoreenhancedlgorithms.This studyexaminesonly a small set
of possible deep learningethods and hyperparameter valwesl it is very likely that
better combinabns exist. In the future, more focus should be put on different types of
preprocessing methods that can reduce the amount ofarmisgther unnecessary short
term movements the datdhat are redundant, or even harmful, for predicting {t@mm
macroeonomic developmentlso, differentoptions in theraining algorithms should
be studied, such as the popular adaptive learning rate methods: Adam, RMSprop and oth-
ers. Furthermore, usingiean absolute erranstead ofmean squared erram the cost
function could provide more stable predictions and less early warning igady warn-
ings are wanted, the business cycle tgedesin the training setould be manipulated
so that it gradually increases and decreases defarypeak and trough tencourage

the model to show momruesof aturnin the cycle.
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APPENDICES

Appendix 1.LSTM results
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