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This thesis aims to design a generalizable distance-based moving average (DBEMA)
method for predicting time series. In our study, we focused on a specific area of financial time
series. In order to increase the performance of prediction accuracy, DBEMA was combined with
features selected by Recursive Feature Elimination (RFE) by using Classification and Regression
Tree (CART) estimators and sequential feature selection (SFS) by using Gradient Boosting
Machine (GBM). Although many artificial neural networks (ANNs) have been applied to a
number of time series predictions and modelling, convolutional neural networks (CNN) have not
been used much for time series prediction directly in literature and are still open to improvement.
For predicting the trend of time series with DBEMA, time series are defined in the form of
different time-lagged moving average patterns to identify the relations between each of them. The
distances between moving averages (MA) and changes in their positions towards each other are
examined for predicting future trends of time series. First of all, time series are defined so as to
cover different time lags of 9 days, 50 days and 200 days in exponential moving average (EMA)
forms and the distances between each of them and positions between each of them are marked.
To improve the performance of the distance-based moving average method, CART and GBM
algorithms are used for selecting better financial features in with RFE and SFS models,
respectively. The combination of distance-based features and selected financial features are
converted into 2-D images which are then classified by CNN. According to the experimental
results, the proposed algorithm, CNN-DBEMA, outperforms other classification techniques in
literature.

Key Words: Distance-Based Features, Moving Average, Financial Time series Prediction,
Convolutional Neural Network
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Bu tezin amaci, zaman serilerini tahmin etmek i¢in genellestirilebilir bir mesafe tabanl
hareketli ortalama (DBEMA) yontemi tasarlamaktir. Calismamizda, finansal zaman serileri olarak
adlandirilan belirli bir zaman serisi alanina odaklandik. Tahmin dogrulugu performansini artirmak
icin, mesafe tabanli hareketli ortalama yontemi, Siniflandirma ve Regresyon Agaci (CART)
tahmin edicilerini kullanarak Ozyinelemeli Ozellik Eliminasyonu (RFE) ve Gradyan Artirma
Makinesi (GBM) kullanarak sirali 6zellik se¢imi (SFS) ile elde edilen nitelikler ile birlestirildi.
Zaman serisi tahmini ve modellemesi igin bir¢ok yapay sinir ag1 (YSA) uygulanmig olmasina
ragmen, literatiirde evrigimli sinir aglari (CNN) zaman serisi tahmini i¢in dogrudan ¢ok fazla
kullanilmamistir ve halen gelistirilmeye agiktir. Zaman serilerinin trendini DBEMA ile tahmin
etmek icin, zaman serileri farkli gecikmeli hareketli ortalama desenleri seklinde tanimlanarak
aralarindaki iliskiler meydana ¢ikarilir. Zaman serilerinin gelecekteki egilimlerini tahmin etmek
icin hareketli ortalamalarin (MA) aralarindaki mesafe ve birbirlerine gore konumlarindaki
degisimler incelenir. Oncelikle zaman serileri 9 giinliik, 50 giinliik, 200 giinliik olmak iizere
degisik bekleme siireleri igerecek sekilde tanimlanir ve her birinin birbirine gére konumlar1 ve
mesafeleri isaretlenirr. DBEMA yonteminin performansini artirmak i¢in, CART ve GBM
algoritmalar sirasi ile RFE ve SFS nitelik se¢im modellerinde daha iyi finansal 6zellik segmek
icin kullanilmistir. Mesafeye dayali 6zellikler ve segilen finansal 6zelliklerin birlesimi 2-boyutlu
goriintiilere dondstiiriiliir ve ardindan CNN kullanilarak siniflandirilir. Deneysel sonuglara gore
6nerilen CNN-DBEMA algoritmasi literatiirdeki diger smniflandirma tekniklerinden daha iyi
performans gostermektedir.

Anahtar Kelimeler:  Mesafe tabanli nitelikler, Hareketli Ortalama, Finansal Zaman Serisi
Tahmini, Evrigimli Sinir Ag1
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EXTENDED SUMMARY

Financial time series prediction is a complex task due to the massive amount
of data to be processed, frequent and nonlinear movements, and the variety of
influencing factors, such as global economic conditions, government policies,
exchange rates, inflation rates, company incomes, investor's moods. Furthermore,
the efficient market hypothesis states that financial time series follow the random
walk model, thus making it highly impossible to determine the direction of financial
time series movements.

The academic studies depend widely on the macroeconomic parameters to
predict the financial instruments, with rather little attention focused on the technical
indicators that clients largely apply. Our study fills this gap by generating a novel
distance-based moving average features and efficiently selecting technical indicators
to improve the predictive ability. Technical indicators and oscillators are
fundamental tools for researchers to discover financial time-series trends and
develop strategies for making better investment decisions. This term is called
technical analysis and researchers assume that financial time series move in trends
and historical trends repeat themselves.

Technical analysis or tracing indicators have paid attention to historical
movements of financial time series values and discovered hidden points so that
researchers can predict trends of financial time series. Technical indicators improve
decision skills to predict future trends of financial time series and they need to be
searched for the best optimal rule to determine the highest return. Therefore, in our
study, financial features generated by historical data are selected by two wrapper
feature selection methods. These two wrapper methods can reach better feature
subsets with the performance of the predefined classification methods. Recursive
feature elimination (RFE) using classification and regression tree (CART) estimators
is one of the approaches to determine a better feature subset. The other approach in

determining a better feature subset is the sequential feature selection (SFS) using
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Gradient Boosting Machine (GBM). Selected technical indicator features by the RFE
and SFS methods are merged and used in this study.

The Moving Average (MA) crossover method is one of the famous technical
analysis devices researchers use in time series analysis. This technique is based on
determining short and long time moving average periods and identifying crossover
to each other. The decision of which moving averages must be selected is an
important topic for researchers. Nonetheless, most researchers base their selection of
these parameters on recommendations that are not appropriate for a specific market.
Accordingly, the MA crossover method is suitable for offering significant returns for
the time series data. MA crosses to each other strategy identify the trend of time
series. However, this does not mean that there is a generalization that this strategy
always works this way. In some cases, some situations break this habit. In order to
overcome this problem, our forecasting of success has increased significantly with
the new model, which is defined distance-based exponential moving average
(DBEMA) methodology. The reason for choosing exponential moving averages
(EMA) is because they respond more quickly to changing situations. However, it is
possible to work with the desired moving averages according to the situations with
the method we have offered. In this study, daily value was used in order to calculate
moving averages for a period. Moving averages used have 9, 50, and 200 days-period
values. The shortest period EMA is defined as EMA9 (exponential moving average
for 9 days period) and the longest period is defined as EMA200 (exponential moving
average for 200 days period). In literature, the system usually works as follows:
When the EMA9 short-term moving average crosses above the EMA200 long-term
moving average, this means a buy signal is produced by the system but sometimes
this situation can be a trap. A novel distance-based moving average method system
can detect the proper intention of the trend. In another case, the EMA9 short-term
moving averages crosses below the EMA200 long-term moving averages, which
means the system produces a sell signal, but this can be a trap case. The distance-

based approach has developed a new system to overcome the trap problem. In this
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method, the system tries to classify four types of cases which are Earning class (EC),
Losing Class (LC), Earning Trap Class (ETC), and Losing Trap Class (LTC) (Ihab,
2009). The new system focuses on technical indicators and the distance between the
moving averages in this situation.

The distance-based system is entirely parametrically designed. When the
EMAD9 short-term moving average crosses above the EMA200 long-term moving
average, the system produces at least x% earnings within ¢ days, where x is
earnings_ratio (e.g., x=15), and ¢ is with_in_day variable. This means that this case
is “Earning Class”. When the EMA9 short-term moving average crosses above the
EMA200 long-term moving average and the system does not produce at least x%
earnings within ¢ days, this case is “Earning Trap Class”. When the EMA9 short-
term moving average crosses below the EMA200 long-term moving average, and
the system produces at least y% loss within ¢ days, where y is losing _ratio and ¢ is
with_in_day variable, this means that this case is “Losing Class”. When the EMA9
short-term moving average crosses below the EMA200 long-term moving average,
and the system does not produce at least y% loss within # days means, this case is
“Losing Trap Class”. Producing x% earning or y% losing within ¢ days period are
parametric variables and they are determined by the user of the system. As a result,
the proposed system is adjustable, and it can be determined for any user-defined
earning/losing ratio for a user-defined period. The class labels are defined according
to the above description.

After defining the system's features and distance-based moving averages, the
machine learning algorithms are applied. In literature, deep learning methods have
started appearing in financial studies. In literature, the application of convolutional
neural network (CNN) to financial prediction models has been limited. CNN is a part
of artificial neural networks that have become a key role in various computer vision
tasks. Most of the CNN based systems in the literature have focused on computer
vision and image processing. However, its use in the financial time series analysis

domain has been limited. In this study, a CNN based system is designed to utilize
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the efficiency of a deep convolutional neural network for a robust decision support
system. For this purpose, it converts financial time series into 2-D image-like data.
Each image has 18 different financial technical indicators selected from SFS and
RFE algorithms and additional 6 different distance-based moving average features
with 75 days rows to illustrate each image-like data. The reason for choosing 75 days
period was determined by our experimental analysis. Our system parameters are
listed as follows: Our original image-like input size is 75 x 24, two convolutional
layers with sizes 32 x 75 x 24 and 32 x 35 x 10, two max-pooling layers having sizes
32x 71 x20and 64 x 33 x 8, three dropout values (0.3, 0.3, 0.3) are used for avoiding
overfitting. The convolutional layers are connected to two fully connected layers
(256,128). In the first convolution layer, we use 32 filters on a 75 x 24 input 2D array
with the size of 5x5, and a stride is 1, and we use 64 filters on the second layer. The
activation function applied at this layer is ReLU. At the end of the method, the output
layer passes through the softmax function with four neurons.

The performance of our proposed CNN-DBEMA model has been compared
to different kinds of methods. The categories of the methods used for comparison
are financial methods, machine learning methods, and one of the recently proposed
CNN-TA method (Sezer. et al, 2018). Therefore our proposed model CNN-DBEMA
is compared to the other methods, which include the Linear Regression model (LR),
Gaussian Naive Bayes Model (NB), K-Nearest Neighbor Classifier (KNN), Random
Forests (RF), Multi-Layer Perceptron (MLP), Bagged Trees Regressor (BAG),
Relative Strength Indicator Strategy (RSI), and new novel model CNN-TA. Three
types of data sets were used for the financial time series trend forecasting tests
between the benchmarking models. At first, the system tested the forecasting
accuracy with the first type of data set, which includes crossover (Last) points of
data. In accuracy of forecasting results, our proposed CNN-DBEMA model reaches
second best score among the benchmarking models. Even though CNN-DBEMA
gets the second-highest accuracy score, the novel CNN-DBEMA model reaches a

better specificity and sensitivity score. In order to ensure that the proposed CNN-
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DBEMA model is evaluated accurately, we have tested the second type of data set
that includes the average value of the last 75 days of the financial time series. The
performance of the proposed model versus benchmarking models yielded the best
accuracy result, which contains the average value of the last 75 days of stocks. The
last approach towards verifying the accuracy performance of our proposed CNN-
DBEMA model versus benchmarking models is to include all data points of input
matrices. When the system uses second and third types of data CNN-DBEMA model
predicted better results compared to the other models.

In this study, we aim to design a new novel CNN-DBEMA method for stock
trend forecasting by considering both the new concept of distance-based exponential
moving averages (DBEMA) and technical indicators. The most important innovation
is discovering that the distances between the exponential moving averages give us a
prediction for the financial time series. At the same time, these new distance-based
features will be used as new parameters in other areas such as pattern recognition,
signal processing, weather forecasting, and earthquake prediction and will raise the
success of the estimation.

The CNN-DBEMA model will be developed with possible improvements
for the future progress of the trend prediction method. Firstly, various technical
indicators will be tried to generate a better prediction model. Secondly, different
images can be produced by different periods of moving averages. We will also apply

our model to different types of dataset that contains different financial assets
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GENISLETILMIS OZET

Finansal zaman serisi tahmini, iglenecek ¢ok biiyiilk miktarda veri, sik ve
dogrusal olmayan hareketler ve kiiresel ekonomik kosullar gibi etkileyen faktorlerin
cesitliligi, hiikiimet politikalari, déviz kurlari, enflasyon oranlari, sirket gelirleri,
yatirimcilarin ruh halleri nedeniyle karmasik bir istir. Ayrica, etkin piyasa hipotezi,
finansal zaman serilerinin rastgele yiirliylis modelini takip ettigini ve dolayisiyla
finansal zaman serisi hareketlerinin yoniinii belirlemeyi olduk¢a imkansiz hale
getirdigini belirtir.

Akademik calismalar, finansal enstriimanlari tahmin etmek icin biiylik
Olciide makroekonomik parametrelere baglidir ve miisterilerin biiylik Olciide
uyguladig teknik gostergelere oldukea az dikkat gosterilir. Calismamiz, mesafeye
dayal1 yeni bir hareketli ortalama olusturarak ve tahmin yetenegini gelistirmek i¢in
etkili bir yontemle teknik gostergeleri secerek bu boslugu dolduruyor. Teknik
gostergeler ve osilatorler, arastirmacilarin finansal zaman serisi trendlerini
kesfetmeleri ve daha iyi yatirnm kararlar1 almak igin stratejiler gelistirmeleri igin
temel araglardir. Bu terime teknik analiz denir ve arastirmacilar finansal zaman
serilerinin trendler halinde hareket ettigini ve tarihsel trendlerin kendilerini tekrar
ettigini varsaymaktadir.

Teknik analiz veya izleme gostergeleri, finansal zaman serisi degerlerinin
tarihsel hareketleri vasitasiyla gizli noktalar1 kesfederek arastirmacilarin finansal
zaman serilerinin egilimlerini tahmin edebilmelerini saglar. Teknik gostergeler,
finansal zaman serilerinin gelecekteki egilimlerini tahmin etmek igin karar verme
becerilerini gelistirir ve en yliksek getiriyi belirlemek i¢in en iyi optimal kuralin
aranmasi gerekir. Bu nedenle, calismamizda tarihsel verilerle olusturulan finansal
Ozellikler, iki sarmalayici nitelik secimi yoOntemiyle secilir. Olas1 6zellik alt
kiimelerinin uygunlugunu belirlemek i¢in iki sarmalayici nitelik se¢imi algoritmasi
kullanilir. Bu iki sarmalayici yontem, onceden tanimlanmig siniflama yontemlerinin
performanst ile daha iyi 6zellik alt kiimelerine ulasabilir. Siiflandirma ve regresyon

agac1 (CART) tahmin edicilerini kullanan 6zyinelemeli 6zellik eliminasyonu (RFE),
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daha iyi bir 6zellik alt kiimesi belirlemeye yonelik bir sarmalayici yaklagimdir. Daha
iyi bir ozellik alt kiimesi belirlemeye yonelik diger yaklagim da, Gradyan Artirma
Makinesi (GBM) kullanan sirali 6zellik se¢imidir (SFS). Temel olarak, SFS, ilk
ozellik boyut alanim, alt kiime 6zellik alanina azaltmak igin kullanilir. Oznitelikleri
secme, RFE ve SFS sonugclar birlestirilerek elde edilmistir.

Hareketli Ortalama (HO) {iistiine gegcme yOntemi, aragtirmacilarin zaman
serisi analizinde kullandiklar1 tinlii teknik analiz yontemlerinden biridir. Bu teknik,
kisa ve uzun siireli hareketli ortalama periyotlarinin belirlenmesine ve birbirinin
iizerine gecisin belirlenmesine dayanmaktadir. Hangi hareketli ortalamalarin
secilmesi gerektigine dair karar arastirmacilar i¢in énemli bir konudur. Bununla
birlikte, ¢ogu arastirmaci, bu parametrelerin se¢imini belirli bir pazar i¢in uygun
olmayan oOnerilere dayandirir. Buna gore, HO {istiine gegme yontemi, zaman serisi
verileri i¢in 6dnemli getiriler sunmak i¢in uygundur. HO birbirinin {istiine ge¢me
stratejisi zaman serilerinin trendini belirler. Ancak, bu stratejinin her zaman bu
sekilde galistigia dair bir genelleme oldugu anlamina gelmez. Bazi durumlarda,
bazi olaylar bu genellemeyi bozar. Bu sorunu asmak i¢in mesafe tabanli hareketli
ortalama metodolojisi olarak tanimlanan yeni model ile basar1 6ngdriimiiz 6nemli
Olciide artmigtir. Bizim ¢alismamizda, {istel hareketli ortalamalar (EMA) ile yeni bir
mesafe tabanli yontem tasarlandi. Ustel hareketli ortalamalarin secilmesinin nedeni,
degisen durumlara daha hizli tepki vermeleridir. Ancak sundugumuz yontemle
duruma gore istenilen hareketli ortalamalar ile ¢aligmak miimkiindiir. Bu ¢aligmada
hareketli ortalamalarin hesaplanmasinda donem olarak giinliik deger kullanilmisgtir.
Hareketli ortalamalar 9, 50 ve 200 giin donemlik degerler i¢in kullanildi. En kisa
donem EMA, EMA9 (9 ginliik hareketli ortalama) olarak ve en uzun doénem
EMA200 (200 giinliik hareketli ortalama) olarak tamimlanmustir. Literatiirde
genellikle sistem su sekilde ¢alisir: EMA9 kisa vadeli hareketli ortalama, EMA200
uzun vadeli hareketli ortalamanin {izerine ¢iktiginda, bu sistem tarafindan bir satin
alma sinyali iiretildigi anlamina gelir ancak bazen bu durum bir tuzak da olabilir.
Uzakliga dayali yeni hareketli ortalama yontem sistemi, trendin dogru amacini tespit
edebilir. Baska bir durumda, EMA9 kisa vadeli hareketli ortalamasi, EMA200 uzun

vadeli hareketli ortalamasinin altina diigerse, bu da sistemin bir satis sinyali iirettigi
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anlamina gelir, ancak bu bir tuzak da durumu olabilir. Mesafeye dayali bir yaklagim,
tuzak sorununun iistesinden gelmek icin yeni bir sistem gelistirmistir. Bu yontemde
sistem dort tip vakay1 siniflandirmaya calisir. Bunlar Kazang simifi (EC), Kayip
Smifi (LC), Kazan¢ Tuzagt Sinifi (ETC) ve Kayip Tuzagir Sinifi (LTC) olarak
isimlendirilmistir. Onerilen sistem, bu durumda teknik gostergelere ve hareketli
ortalamalar arasindaki mesafeye odaklanir.

Mesafe tabanli sistem tamamen parametrik olarak tasarlanmistir. EMA9 kisa
vadeli hareketli ortalama, EMA200 uzun vadeli hareketli ortalamanin {izerine
ciktiginda, sistem t giin icinde en az % x kazang iiretirse, burada x kazang oranidir
(6rnegin, x=15), bu durum Kazanan Sinif anlamina gelir. EMA9 kisa vadeli
hareketli ortalama, EMA200 uzun vadeli hareketli ortalamanin {lizerine ¢iktiginda,
ve sistem ¢ giin i¢inde en az % x kazang saglayamazsa bu durum Tuzak Kazang
Smifidir. EMA9 kisa vadeli hareketli ortalama, EMA200 uzun vadeli hareketli
ortalamanin altina diistiiglinde, ve sistem ¢ giin i¢cinde en az %y kayip liretmiyorsa,
bu durum Tuzak Kayip Sinifi demektir. ¢ giin igerisinde %x kazang veya %y kayip
parametrik degiskenlerdir ve sistem kullanicisi tarafindan belirlenir. Sonug olarak,
Onerilen sistem ayarlanabilir ve kullanici tanimli herhangi bir donem i¢in kullanici
tanimli herhangi bir kazang/kayip orani i¢in belirlenebilir. Etiketleme siirecinin
tanimlanmasi yukaridaki tanimlamaya gore tasarlanmistir.

Sistemin 6zelliklerini ve mesafe bazli hareketli ortalamalar1 tanimladiktan
sonra, makine 6grenmesi algoritma siirecini tasarlama g¢aligmalar1 gelistirilmistir.
Literatiirde finansal ¢alismalarda derin 6grenme yontemleri yer almaya baslamistir.
CNN, cesitli bilgisayarl gorii gérevlerinde kilit rol oynayan yapay sinir aglarmin bir
pargasidir. Literatiirdeki CNN sisteminin ¢ogu bilgisayarla gérme ve gorlinti
islemeye odaklanmistir. Ancak finansal zaman serisi analizi alaninda kullanimi
sinirli kalmistir. Bu ¢aligmada, saglam bir karar destek sistemi igin derin evrigimli
sinir agmin verimliliginden yararlanmak amacglanmistir. Bu amagla finansal zaman
serileri 2 boyutlu goriintii benzeri verilere doniistiiriiliir. Her bir goriintii benzeri
veriyi gostermek i¢in SFS ve RFE algoritmalarindan gelen 18 farkli finansal teknik
gosterge ile 6 farkli mesafeye dayali hareketli ortalama teknik gostergesi kullanilir.

Bu o6zellikler geriye dogru 75 giinliik veriyi igermektedir. 75 giin se¢ilmesinin nedeni
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deneysel olarak belirlenmistir. Sistem parametreleri su sekilde segilmistir: Orijinal
goriintii benzeri girdi boyutu 75 x 24, iki evrisim katmani boyutlar1 32 x 75 x 24 ve
32 x 35 x 10, iki maksimum havuzlama katmani sirasiyla 32 x 71 x 20, 64 x 35 x 10
boyutlari, asir1 6grenmeyi 6nlemek icin ti¢ birakma (0,3,0,3,0,3) degerleri kullanilir.
Evrisimsel katmanlar, tam olarak bagli iki katmana (256,128) baglanir. Birinci
evrigsim katmaninda, 5 x 5 boyutunda ve adimi 1 olan gergeve ile 75 x 24 girigli 2D
dizide 32 filtre ve ikinci katmanda 64 filtre kullaniyoruz. Bu katmanda uygulanan
aktivasyon fonksiyonu RELU 'dur. Yontemin sonunda ¢ikti katmani 4 néron ile
softmax fonksiyonundan gecer.

Onerilen CNN-DBEMA modelimizin  performans: farkli tiirdeki
yontemlerle karsilastirilmigtir. Bu kategoriler finansal yontemler, makine 6grenme
yontemleri ve yakin zamanda onerilmis CNN-TA yéntemidir. Onerilen modelimiz
CNN-DBEMA'nin degerlendirilmesi, Lineer Regresyon modeli (LR), Gauss Naive
Bayes Modeli (NB), K-En Yakin Komsu Siniflandiricis1 (KNN), Rastgele Ormanlar
(RF), Cok Katmanl Algilayici (MLP), Torbal1 Agaclar Regresorii (BAG), Goreceli
Glg Gostergesi Stratejisi (RSI) ve CNN-TA modelleri ile karsilastirtlmistir.
Kiyaslama modelleri arasindaki finansal zaman serisi trend tahmin testleri i¢in ti¢ tip
veri seti kullanilmustir. ilk basta, sistem iiste gegme (Son) veri noktalarmni iceren ilk
veri seti tiirii ile tahmin dogrulugunu test etmistir. Tahmin sonucunun dogrulugunda,
onerilen CNN-DBEMA modelimiz, kiyaslama modelleri arasinda en yiiksek ikinci
puana ulagsmigtir. CNN-DBEMA en yiiksek ikinci dogruluk puanini ikinci sirada alsa
da, CNN-DBEMA modeli daha iyi bir kesinlik ve duyarlilik puanina ulasmistir.
Onerilen CNN-DBEMA modelinin dogrulugunun degerlendirilmesini saglamak
i¢in, son 75 giinliik finansal zaman serisinin ortalama degerini i¢eren ikinci tiir veri
setini test ettik. Onerilen modelin kiyaslama modellerine kars1 performansi, son 75
giinliik hisse senetlerinin ortalama degerini igeren veri setinde en iyi dogruluk
sonucunu elde etmistir. Onerdigimiz CNN-DBEMA modelimizin, kiyaslama
modellerine kiyasla dogruluk performansini dogrulamaya yonelik son yaklasim
giris matrislerinin tiim veri noktalarii icermektedir. ikinci ve iigiincii tip veriler
kullandiginda CNN-DEMA modeli, test edilen modeller arasinda en iyi tahmini

yapmustir.
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Bu c¢alismada, hisse senedi trend tahmini igin hem uzakliga dayali iistel
hareketli ortalamalar (DBEMA) hem de teknik gostergeleri géz Oniinde
bulundurarak yeni bir CNN-DBEMA yontemi tasarlamayi amacladik. En 6nemli
yenilik, iistel hareketli ortalamalar arasindaki mesafelerin finansal zaman serilerinin
tahmini i¢in kullanilabileceginin gdsterilmesi oldu. Sonraki ¢alismalarda, bu yeni
Onerilmis mesafe tabanli 6zelliklerin Griintii tanima, sinyal isleme, hava tahmini ve
deprem tahmini gibi diger alanlarda, yeni parametreler olarak kullanilmasi ve tahmin
basarisina etkisi arastirilabilir.

CNN-DBEMA modeli, trend tahmin yonteminin gelecekteki caligmalari i¢in
olas1 iyilestirmelerle gelistirilecektir. Ilk olarak, daha iyi bir tahmin modeli
olusturmak icin gesitli teknik gostergeler denenecektir. Ikinci olarak, farkl hareketli
ortalama periyotlar1 ile farkli goriintiiler iretilebilir. Modelimizi, farkli finansal

varliklari igeren farkli veri kiimesi tiirlerinde de uygulanabilir.
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1. INTRODUCTION

Time series analysis is a particular way of analyzing a sequence of various
data points gathered over a given period of time. The purpose of analyzing time
series is to understand historical dataset and solve several time-based problems. The
prediction of the future manner of the financial time series is a vital action in the
realization of risk management, trend of financial instruments, interest rates and
portfolio assignment. Researchers have examined the development of prediction
models to forecast the future of unusual trends. Linear and nonlinear financial time
series have been presented to face up to a general financial time series.
Autoregressive integrated moving average (Box, Jenkins, and Reinsel, 1994), and
statistical approaches like GARCH (Durham, 2007) are among the traditional
methods that have been used for financial time series analysis.

Recently, financial time series prediction became definitely one of the most
popular topics for applying artificial intelligence techniques for investors in
academia and the financial field because of its wide implementation areas and
significant effect. Financial time series prediction is one of the most challenging
issues among forecasting problems because of its noisy and volatile nature. Machine
Learning (ML) scientists have produced several methods, and a lot of studies have
been published accordingly. As such, a substantial amount of research exists
including ML studies on financial time series prediction. As an example, stock price
index has been predicted with SVM in (Kim, 2003). Artificial neural networks
(ANNGs) are used as another encouraging approach, concerning statistical models, for
financial time series forecasting (Ma et al., 2015). Lately, Deep Learning (DL)
methods have been introduced in the field with results that remarkably exceed their
traditional ML models. However, there is a big interest in expanding methods for
financial time series prediction, and there is a skill gap in improved studies that

entirely focus on DL for financial time series. In literature, DL architectures use
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directly related feature representations from the raw data and are modelled (Chong
et al., 2017).

Therefore, the aim of this study is to offer an all-inclusive methodology in
an entire-time series prediction domain such as weather data, rainfall measurements,
temperature readings, quarterly sales, financial instrument prices, industry forecasts,
interest rates. Hence, we do not only produce solutions for financial implementation
areas, but we also apply our times series prediction methodology based on DL
models, especially Convolutional Neural Networks (CNNs). We tried to create a
vision for future studies and call attention to opportunities for the utility of
researchers. Prediction of financial time series arrangement is to set the purposes
appropriately and design in accordance with their own style and predict the trend of
financial time series to accomplish the goal. One significant technique for successful
prediction is to set prediction goals over time. For this purpose, there are different
term periods that are short-term, medium-term, and long-term. The length of the
terms is based on the selected time-period input variables that are defined by the
systems. The time period is defined as 1-hour, 4-hours, 1-day, and 1-week. It is
adjustable variable for the designed system which is selected for desired purposes.

The distance-based exponential moving average (DBEMA) methodology is
designed with 9-days, 50-days, and 200-days period input variables in our study.
Each period is defined as 1-daily value. Convolutional Neural Network - Distance-
Based Exponential Moving Average (CNN-DBEMA) focuses on features that are
created with 1-day period input variables. The CNN-DBEMA input variables consist
of two groups. The first group is created by financial indicators, and the second group
is created by a novel distance-based moving average variable. The first group of
features are selected by the union of two wrapper-based feature selection algorithms.
The first wrapper algorithm is sequential feature selection (SFS) using Gradient
Boosting Machine Algorithm (GBM). In literature, experimental results show that
GBM outperforms the other benchmark models (Levantesi and Zacchia, 2021). SFS

uses GBM that learns which features are most enlightening at each time step,
2
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selecting the next feature depending on the already adopted features. The second
wrapper algorithm Recursive Feature Elimination (RFE) is used with classification
and regression tree (CART) classifier to reduce number of features and associated
costs during classification. In addition to this, choosing CART outperforms the other
benchmark models. SFS using GBM and RFE using CART take 11 features and 18
features, respectively. The combined result of two wrapper algorithms, as well as
our proposed distance based exponential moving average features are used in the
proposed model for financial time series prediction.

Deep learning has revealed a magnificent achievement in most complicated
tasks such as image processing, natural language processing, cyber security, etc.
(Yasir and Croock, 2020). Convolutional neural networks (CNNs) are part of deep
learning algorithms, that are appropriate for automatic feature extraction and
prediction (LeCun et al., 2015). In many fields, such as image processing and natural
language processing, DL methods have been proved that they are able to create step
by step effective complicated features from raw data or simpler parameters (He et
al., 2016; LeCun et al., 2015). Extracting features that are informative enough to
make predictions is a fundamental challenge as the behavior of equity markets is
more complex, nonlinear, and noisy, and DL seems like a promising approach in this
regard (Hoseinzade and Haratizadeh, 2019). Therefore, in this improvement of the
thesis, we propose to apply CNN to the combination of DBEMA-based features and
technical indicator based features that are selected by SFS using CART and RFE
using CART to make financial time series analysis. One of the other important points
is that the sequence of the features is not random. To perform better results, similar
behaving features are clustered closely for uniform and effective time series image

representation. For the analysis of the financial time series image, CNNs are applied.

1.1. The Aims and Objectives of this Thesis
Financial time series prediction has been growing into an alluring subject in

so many aspects due to its wide performing areas and considerable effect. With the
3
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increase in financial instruments' ability to make decisions in the markets, it is aimed
to develop autonomous and intelligent expert systems. In line with this aim, different
types of machine learning techniques have been used for financial time series
prediction. However, there are many studies on time series and the amount of
implementation of CNNs for the financial time series prediction seems to be quite a
few. The reason for having the insufficient number of application of CNNs for
financial time series analysis is the challenge in the representation of time series as
an image-like 2-D array and labelling complexity. Hence, we aim to improve time
series prediction results and suggest a generalized solution for all types of time
series. It is noticed that financial time series prediction has a comprehensive usage
and substantial impact on the future plans and behavior of the financial areas (Kirisci
et al., 2022; Thomas and Christopher, 2018).

From this point of view, in this thesis, it is proposed to utilize financial
technical indicators effectively for better prediction (Thomas and Christopher,
2018), limited use of deep learning methods (Kraussa et al., 2017), offering new
distance-based moving average methods, offering generalized solution architecture
for all kind of times series. For this purpose, a novel distance-based exponential
moving average (DBEMA) features are proposed to analyze financial time series
with CNN model to make stable decisions and provide high profits. Deep neural
network architecture (CNN) to model nonlinear relationships between dependent
and independent variables is better than an artificial neural network. That is why we
apply CNN in this study. Deep neural network architectures are fed with two groups
of input variables. The first group is technical indicators calculated from raw data of
financial instruments and the second group is a novel distance-based moving average
indicators.

The performance of the proposed model was compared with state-of-art

methods using a dataset obtained from Borsa Istanbul data.
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1.2. Contributions of this Thesis

Studies included in this thesis aim to cover the generalized solution model
approach to all kinds of time series and increase its prediction accuracy. To this end,
a novel distance-based exponential moving average methodology is designed and
applied to financial time series data to show how to increase the prediction
performance. It will be mentioned how to use two-dimensional time series data more
efficiently, which are rarely used in CNN networks in the literature.

In the literature, there are generally buy, sell, and hold signals for financial
time series analysis (Gunduz et al., 2017; Sezer and Ozbayoglu, 2018). Especially,
Earning Trap Class, and Losing Trap Class are not used. In our approach, we also
considered trap classes and brought a new perspective. We analysed financial time
series data as 4 class classification problem.

It is aimed to optimize the technical analysis input parameters used in the
CNN, by applying feature selectors SFS using RF model and RFE using CART
model.

The thesis primarily paid attention to a novel distance-based moving average
method, and its advantages in financial time series estimation are investigated. We
also explore the potential of CNNs in financial time series prediction and contribute
to the literature by comparing CNN model with other methods used in financial time
series analysis. Due to the complex and dynamic nature of the stock market, it is
difficult to predict the value of the financial time series. The other purpose of this

thesis is to support investors increase their profitability.

1.3. Outline of the Thesis

This thesis is organized as follows:

In Section 2, the related studies in the literature are reviewed and general
information is given about them. Technical and fundamental models, machine
learning models, deep learning and convolutional neural network models, and

machine learning models in BIST studies in the literature are summarized.
5
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Section 3 covers materials for this thesis that are distance-based moving
average methodology, CNN-DBEMA model, and benchmark models algorithms.
This section explains details about the dataset used; buy, sell, and trap infrastructure
rules; selection of appropriate technical indicator features using two wrapper
algorithms for the CNN architecture. Different types of input parameters are
generated to ensure the accuracy of the comparison.

In Section 4, the experimental results of the algorithms are analysed and
compared with the benchmark methods in the literature. The financial results of the
proposed CNN-DBEMA model are examined.

The last section covers a comparison of the proposed methods with

benchmark methods, the discussions on results, and future works.
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2. LITERATURE REVIEW

This section introduces the main approaches used in technical and
fundamental analysis, machine learning methods, and classification methods for
financial time series analysis. Then, we resume the latest stock market forecasting
studies. We include the latest market forecasting studies on Borsa Istanbul (BIST).
Besides, we also summarize the latest deep learning techniques in forecasting

financial time series.

2.1. Technical and Fundamental Approach for Financial Time Series

Fundamental and technical analysis are two major approaches to time series
analysis. Researchers and investors use both techniques to investigate and predict
future time series trends. The technical analysis pays attention to historical data on
financial instruments, whereas fundamental analysis focuses on economic conditions
to forecast the intrinsic values of financial instruments

The random walk idea follows the hypothesis that financial time series
movements are explained randomly, and it is unstable (Malkiel 1973). The financial
time series is described as very difficult to predict because of its uncertain and
nonlinear environment (Abu-Mostafa and Atiya, 1996). It is impossible to forecast
financial time series values based on random walk theory, but using the technical
and fundamental techniques, and progress in machine learning and classification
methods made financial forecasting possible.

Applying traditional financial time series methods can be achieved by
discovering the mathematical and statistical parameters such as moving average,
variance, standard deviation, minimum, maximum, covariance, correlation, and
autocorrelation (Rodolfo et al., 2017). A purpose of investigating stock market
inefficiencies purposes to explore the effectiveness of investment strategies using
the three most common technical indicators that are Moving Average (MA), Moving

Average Divergent Convergent (MACD), and Relative Strength Index (RSI),
7
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considering stock market situations, with and without trading costs and transaction
fees (Huy and Cuong, 2018). The commodity price changes can be predicted with
technical indicators. Technical indicators are better predictors than economic
indicators, and their prediction performances are not altered by conditions. In
addition, the investigation demonstrates that technical indicators also perform better
than economic parameters in predicting the density of commodity price movements
(Wang et al, 2020). Technical analysis has been used by traders, analysts,
researchers, and investors that allows for predicting future movements in financial
instruments by concentrating on past market data, generally price and volume (Park,
and Irwin, 2007; Menkhoff and Taylor, 2007).

A technical analysis strategy of the Greek Stock Market study used most
frequently applied technical indicators such as MACD, RSI, and stochastic
approaches for using patterns and candlestick charts. The results show strong
technical trading rules (Rousis and Papathanasiou, 2018). Another study aims to
define which indicators are more efficient in presenting more accurate buy and sell
signals on the L.Q45 index by using the oscillator indicator MACD, Bollinger Band
and RSI (Pramudya and Ichsani, 2020). Autoregressive integrated moving average
(ARIMA), regression analysis, curve fitting, and autoregressive moving average
(ARMA) are the technical analysis systems that are generally used to explore and
forecast financial time series in literature (Box et al., 2015).

Some of the studies for modeling financial time series include the prediction
of variables from a proposed time-series model, such as Linear Dynamical Systems
(LDS) (Luenberger 1979), the popular Hidden Markov Model (HMM) (Rabiner,
1986), and autoregressive (AR) models (Liitkepohl, 2005). A novel distributed
approach concurrently clusters and fits AR model groups of similar individuals
(Benny and Ian, 2022). The AR model is one of the primary methods for classifying
time series. It is a simple method, but it accepts that the stationary type time series

has some disadvantages in categorizing them (Kini and Sekhar, 2013).
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2.2. Machine Learning Approach for Financial Time Series

In the literature, many machine learning based approaches have been
proposed for time series estimation. To predict future movements in financial time
series Neural Networks (NN) (Kayal, 2010; Vui et al., 2013; Persio and Honchar,
2016) and Support Vector Machines (SVM) (Markovic et al., 2014; Sapankevych
and Sankar 2009) have been used. To offer researchers with better prediction results,
a revised modeling procedure is suggested which aims to increase the function of the
k-nearest neighbors (KNN) method in financial time series forecasting. The main
idea is to join the aggregate empirical mode decomposition (EEMD) method with
Multidimensional k-nearest neighbors time series estimation with invariance
(MKNN-TSPI). They present an example of two-dimensional stock series, the
revised method is applied to predict the opening and closing prices of NAS, DIJI,
S&P 500, Russell 2000, and other stocks concurrently (Guancen et al., 2021).

It is noticeable that multiple classifiers can usually outperform a single
classifier (Dietterich, 2000). It is seen in another study that regression models are
used to predict the future movements of financial time series (Chen et.al, 2015; Jiang
et al., 2020; Zhang et al., 2020). Moreover, other studies try to predict the future
movements of financial time series with classification methods (Cagliero et al., 2020;
Ananthi and Vijayakumar, 2020). However, to make accurate forecast on financial
time series, researchers are more focused on the future movements of financial time
series. Many researchers attempt to design artificial neural networks (ANN) to
forecast stock market index values. As an example, in (Guresen et al., 2011),
researchers define the performance of dynamic ANN and the neural network models
especially multilayer perceptron (MLP) to predict the NASDAQ stock index. The
other study (Sezer et al., 2017) utilizes technical indicators as input variables and the
ANN classifier is set on the most significant input variables to make predictions.
Also, it devises an ANN that uses inputs of the financial technical indicators (i.e.,
RSI, MACD, Williams%R) to predict Dow30 stock prices (Sezer et al., 2017).

Moreover, hybrid systems have been proposed to investigate financial time series
9
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data. (Wang et al., 2016) proposed to combine principal component analysis (PCA)
and brain storm optimization (BSO) for a hybrid SVR model to forecast stock prices.

In another model, 20 different technical indicators are used as input variables
for the model. The system merged with SVR, PCA, and BSO to use technical
indicators for forecasting. The application of SVM in financial time series
forecasting is compared with the multilayer back-propagation (BP) neural network
and the regularized radial basis function (RBF) neural network. The diversity in the
performance of SVM with respect to the free inputs is analyzed experimentally (Tay,
2003). Another proposed aggregate model of machine learning system consists of
rule-based and MLP evolutionary algorithms that offer sell and buy signals in stock
prices (Mabu et al., 2015). The performance of ensemble models is evaluated by
random forest, AdaBoost, kernel factory, and classifier models (SVM, ANN, KNN,
and logistic regression) to predict financial time series movements in the stock
market (Ballings et al., 2015).

In stock market studies, ensemble learning models have been used instead
of a single classifier (Patel et al., 2015). Patel et al. (2015) predicted movement of
Indian stock markets and compared the classification performances of ANN, SVM,
Random Forest, and Naive Bayes algorithms. Between 2003 and 2012 years daily
open, high, low, and close values are used for creating technical indicators. The
Random Forrest model performed better than the other three models.

Rivero and Rodriguez (2010) examined the causality between S & P 500,
FTSE 100, and Nikkei 225 index with Gradient Boosting Algorithm during the
unstable price changes. They discovered the valuable information in improving the

forecast of index income.

2.3. Deep Learning and Convolutional Neural Network Approach for Financial
Time Series
Deep learning models are quite popular and DL models are at different types

that are namely deep neural network (DNN), recurrent neural network (RNN), long
10



2. LITERATURE REVIEW Ugur EJDER

short term memory (LSTM), restricted Boltzmann machines (RBMs), convolutional
neural network (CNN), deep belief networks (DBN). Deep learning is a machine
learning technique that is appropriate for automatic feature extraction and
forecasting (LeCun et al., 2015 ). In literature, CNNs, DBN, and RBM are generally
used for image processing and classification. LSTM and RNN architectures
specifically are designed for analyzing sequential data, time-series data, speech
recognition, and natural language processing. Moreover, CNNs are mainly used in
image processing, classification, and recognition processes (Krizhevsky et al., 2012;
Karpathy et al., 2014; Lawrence et al., 1997).

Chong et al. (2017), aim to offer an extensive evaluation of both the
advantages and disadvantages of deep learning algorithms for stock market analysis
and forecasting. High-frequency intra-day stock returns are used as input values and
explore the influences of three unsupervised feature extraction methods auto
encoder, principal component analysis, and the restricted Boltzmann machine on the
network’s overall ability to forecast future market movements. Empirical results
suggest that deep neural networks can extract valuable features from the residuals of
the autoregressive model and enhance forecasting performance. However, when the
autoregressive model is applied to the residuals of the network, it can not extract the
same valuable information. Chong et al. (2017) provide useful directions for further
examination into how deep learning networks can be satisfactorily used for stock
market forecasting.

Among the deep learning models, CNN has recently become one of the
favorable financial time series trend analyzers and performs magnificent results.
Although CNNs are applied to financial time series to get a better result, financial
time series cannot be used directly on a convolutional neural network. Some
operational processes are required. So that financial time series are transformed into
the 2D-array format. CNN extracts features from the 2D array for forecasting the

financial time series movements. Sezer and Ozbayoglu (2018) built 2-D images

11



2. LITERATURE REVIEW Ugur EJDER

using stock technical indicators and proposed a novel algorithmic trading expert
system to predict stock price trends (Sezer and Ozbayoglu, 2018).

Nelson et al., (2017) use LSTM networks to forecast future movements of
financial time series based on the past values with financial technical analysis
indicators. For this purpose, many experimental results were analyzed via several
metrics to evaluate the algorithm when compared to other machine learning
algorithms. An average of 55.9% of accuracy was obtained for the future trend of a
particular stock (Nelson et al., 2017). Moews et al. (2019) focused on complex
lagged correlations between forecasting of directional trend changes using deep
feed-forward neural networks joined with exponential smoothing for financial time
series trend prediction. Chen et al. (2019) investigated the public emotion and mood
from news articles and then used the LSTM network to forecast the future trend of
the stock. Liang et al. (2017) proposed to integrate RBM and several classifiers to
forecast short-term stock market trends. Naik and Mohan (2020) proposed a method
to determine stock movement trends using a deep neural network (DNN) on a
combination of candlestick data and technical indicators. Zhao et al. (2021) proposed
forecasting methods based on RNN/LSTM/GRU, respectively. The attention
mechanism can choose and pay attention to “key information”. Hence, based on the
conventional Recurrent Neural Network, this paper included the attention
mechanism and proposed a forecasting model based on AT-RNN/AT-LSTM/AT-
GRU evaluation of RNN-M, LSTM-M, and GRU-M forecasting models, the GRU-
M and LSTM -M was considerably better than the RNN-M, and the GRU-M was a
little better than the LSTM-M. In addition to these, CNN-LSTM models have been
proposed to determine the stock trends in stock markets (Liu et al., 2017), and
bidirectional LSTM was also used in financial time series analysis (Yanga and Wang

2022).

12
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2.4. Machine Learning Approaches in BIST Studies

Borsa Istanbul (BIST) is the primary stock exchange of Turkey that follows
financial news articles, financial technical indicators, and historical index prices that
have grown with great interest in current years. More than 500 companies are listed
on the BIST. The BIST 30, BIST 50, and BIST 100 (XU100) indexes are listed on
the Istanbul Stock Exchange.

Aydin and Cavdar (2015) proposed to predict the relationship between the
exchange rate of the US Dollar-Turkish Lira (USD/TRY), gold prices, and the Borsa
Istanbul (BIST) 100 index using an ANN algorithm and Vector Autoregressive
(VAR) model. The ANN algorithm has been utilized using multi-layered feed-
forward neural networks (MLFNs) by using monthly data between 2000 and 2014
years.

Alp et al. (2020) proposed to define whether the deep learning methods
outperform traditional ARIMA method in forecasting the BIST 30, BIST 50, and
BIST 100 price indices. The forecasting performance of ARIMA was compared
among the Long Short-Term Memory (LSTM) and Gated-Recurrent Unit (GRU) for
each BIST price index. The root mean square error is used for evaluation metric. It
has been showed that ARIMA methods have better performance in forecasting BIST
30, BIST 50, and BIST 100 indices than deep learning models.

Direction of movement in Borsa Istanbul (BIST) National 100 is predicted
by Random Forest (RF), Support vector machine (SVM), and Linear Regression
(LR) over a set of sixty-four financial technical indicators that were taken as input
features to predict the oncoming (one-period-ahead) direction of BIST 100 (Hasan
et al., 2018).

Pehlivanl et al. (2016) proposed a method to predict the next day's stock
price movement using the optimal subset indicators selected with an ensemble
feature selection approach. The aim is to get the final best feature subset and remove
redundant and irrelevant indicators from the dataset. For this objective, filter

methods are joined, support vector machines (SVM) have been carried out, and
13
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finally, a voting scheme is applied. Istanbul Stock Exchange(ISE) Data is used. The
result expresses that the filtered dataset predicts better results than the full dataset.

Bildirici and Ersin (2009) proposed to analyze the ARCH/GARCH family
models and improve them with artificial neural networks to assess the volatility of
daily returns between the 23.10.1987 and 22.02.2008 period in the Istanbul Stock
Exchange. They found that the ANN-APGARCH model increased the forecasting
performance of the APGARCH model.

Boyacioglu and Avci (2010) researched the future movements of stock
market return with Adaptive Network-Based Fuzzy Inference System (ANFIS). The
aim is to examine whether an ANFIS algorithm is able to forecast accurately stock
market returns. ANFIS uses six macroeconomic variables and three indices as input
variables. The experimental results show that ANFIS successfully predicts with an

accuracy rate of 98.3%, the monthly return of the ISE National 100 Index.
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3. MATERIALS AND METHODS

In this section of the thesis, the materials and methods used in the studies are
explained in detail. We describe our proposed novel CNN-DBEMA method using a
convolutional neural network with a combined distance-based exponential moving-
average features and technical analysis (TA) indicators to forecast financial time
series. As is shown in Fig. 3.1, the proposed CNN-DBEMA-based system follows
these main phases: dataset preparation, computing technical indicators based
features, forming distance-based exponential moving average (DBEMA) based
features, automated labeling of the dataset, creating an image for each data instance,
normalization of the data instances, and trend prediction. To briefly explain Fig.3.1,
the process starts with the gathering of the raw data of stocks, which contain open,
high, low, close, and volume values, from the Finnet application. After getting bulk
raw data from the stocks, each stock's data are stored in Excel files. To generate
financial indicators and novel distance-based indicators, the FinanceLab tool was
developed using the Python programming language. In the next phase of data
standardization, each stock's Excel file data is processed in FinanceLab Class and
each stock's Excel file data is used to generate financial indicators-based features,
novel distance-based features, and labeling with its class name. In the labeling phase,
each stock's Excel file is read and assigned a class label from the set of class labels
that is "earn", "earning trap", "loss", and "losing trap" according to Algorithm 1 and
Algorithm 2. From 118 BIST stocks data for approximately 20 years period, 6425
labeled images for CNN operations were produced. The 6425 image files were split
into two parts: Images obtained from the data of years from 1998 to 2017 were used
for training the CNN, and images of years from 2017 to 2021 were used for testing
operations. Then, in the evaluation phase, training and testing data sets were used in
the following benchmarking models: linear regression (LR), random forests (RF),
gaussian naive bayes (NB), k nearest neighbor (KNN), multi-layer perceptron

(MLP), bagged trees regressor (BAG), a novel CNN-TA, and the relative strength
15
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index method (RSI). At the end of the operations, the proposed models and
benchmarking models were compared to each other.
3- Data Standardization Phase
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Figure 3.1. Flow diagram of the CNN-DBEMA model.

3.1. Data Description

Gathering raw data of stocks listed in BIST starts with getting daily stock
prices from the Finnet application. 118 BIST stocks were used in the thesis. The
stocks used in the thesis are shown in Table 3.1. Each raw stock data contains open,
high, low, close, and volume values for 5701 trading days between June 1998 and
April 2021. Fig. 3.2 shows us the open, high, low, and close (OHLC) prices of the
sample stock GARAN, which is one of the biggest banks in the BIST 100 index.

Each stock's data are stored in Excel files. The type of excel file is shown in Fig.3.3.
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Figure 3.2. Price of GARAN stock (OHLC).
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Figure 3.3. Representation of the excel data of GARAN stock.

The dataset was separated into two parts: the training part (from June 1998
to December 2016) and the testing part (from January 2017 to April 2021). The
reason for choosing the companies in Table 3.1 is that these companies are both
stable and have the most comprehensive historical data. In addition, the dataset
between June 1, 1998, and April 21, 2021, covers the 2001 and 2008 financial crisis

periods.
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Table 3.1. The list of BIST companies used in this thesis.

No 2?:: No Stock Code No Stock Code No Stock Code
1 ADEL 31 CIMSA 61 GOODY | 91 NTHOL
2 AKBNK 32 CLEBI 62 GOLTS 92 OLMIP
3 AKCNS 33 CMBTN 63 GUBRF 93 OYAKC
4 AKGRT 34 CMENT 64 HEKTS 94 0zZGYO
5 AKSGY 35 CRDFA 65 ICBCT 95 PEGYO
6 ALARK 36 DAGHL 66 HURGZ | 96 PNSUT
7 ALCAR 37 DERIM 67 IHLGM 97 RAYSG
8 ALCTL 38 DEVA 68 INTEM 98 SKBNK
9 ARCLK 39 DGGYO 69 ISCTR 99 SKTAS
10 ARSAN 40 DGKLB 70 ISYAT 101 SONME
11 ASELS 41 DITAS 71 IZMDC | 101 SNPAM
12 ASUzU 42 DOGUB 72 KAPLM | 102 TATGD
13 ATAGY 43 DYOBY 73 KARTN | 103 TIRE
14 ATEKS 44 DZGYO 74 KCHOL | 104 TRCAS
15 ATLAS 45 EGEEN 75 KENT 105 TOASO
16 AVGYO 46 EGGUB 76 KERVN | 106 TSKB
17 AYGAZ 47 EGPRO 77 KERVT | 107 TUKAS
18 BAKAB 48 EGPRO2 78 KLMSN | 108 ULKER
19 BANVT 49 EMKEL 79 KLNMA | 109 USAK

20 BFREN 50 ENKAI 80 KNFRT | 110 VAKKO

21 BOSSA 51 ERBOS 81 KONYA | 111 VAKFN

22 BRISA 52 EREGL 82 KRDMB | 112 VESTL

23 BRMEN 53 FMIzP 83 KRDMD | 113 VKFYO

24 BRSAN 54 FRIGO 84 KRSTL | 114 VKGYO

25 BRYAT 55 FROTO 85 KRTEK | 115 VKING

26 BTCIM 56 GARAN 86 KUTPO | 116 YATAS

27 BUCIM 57 GARFA 87 MAKTK | 117 YKBNK

28 BURCE 58 GENTS 88 MGROS | 118 YYAPI

29 CELHA 59 GLYHO 89 METUR

30 CEMTS 60 GRNYO 90 NETAS
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3.2. Generating Features

Indicators are mathematical calculation methods used to analyze financial
instrument data. In the literature, it is seen that technical analysis indicators are used
as inputs in machine learning (Dasha and KishoreDash, 2016). Features of technical
analysis are extracted from stock prices. Indicators help researchers to determine the
future trend of financial time series by giving signals about financial instruments.
Even though the signals give us information about the trend of the financial time
series, it would not be robust to process with a single indicator. In recent years,
machine learning models have been used to determine this nonlinear and complex

relationship between the indicators (Nassirtoussi et al., 2014).

3.2.1. Generating Technical Indicator Features

With raw data, 37 different technical indicators were generated as input
features and 15 out of 37 technical indicators were used in Pehlivanli et al. study
(2016). MFI_EMA_9, RSI_EMA_9, RSI_MA_14, MFI_MA_3, ROC_9 and DBEMA
features are designed by our study. In Table 3.2, technical indicators are listed
(Pehlivanli et al., 2016; Oriani and Coelho, 2017; Dey and Nahar, 2020). Firstly, we
take the open price, high price, low price, and close price values of stocks from the
excel file. According to the below expressions, the technical indicator features are

listed in Table 3.2 are generated from those stock prices.
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Table 3.2. Technical Indicators Used To Extract Features

n

No | Indicator (Input) Description

1 SMA Simple Moving Average

2 EMA Exponential Moving Average

3 RSI Relative Strength Index

4 MFI Money Flow Index

5 ROC Rate of Change

6 MFI_EMA_9 9-days EMA of MFI

7 RSI_EMA_9 9-days EMA of RSI

8 TR True Range

9 ATR Average True Range

10 DI+ Positive Directional Indicator

11 DI- Negative Directional Indicator

12 DMI Directional Movement Index

13 | CMFI Chaikin Money Flow Index

14 | TP Typical Price

15 | TRIX Triple exponential Average

16 | MACD Moving Average Convergence

Divergence

17 | VAMA Volume Adjusted Moving Average

18 | PSAR Parabolic Stop and Reverse

19 | TEMA Triple Exponential Moving Average
20 | PPO Percentage Price Oscillator

21 CMO Chande Momentum Oscillator

22 | WMA Weighted Moving Average

23 | HMA Hull Moving Average

24 | CClI Commaodity Channel Index

25 | WR Larry William %R

26 | RSI_MA_14 14-days MA of RSI

27 | MFI_MA_3 3-days EMA of MFI

28 | PPO_histo PPO- PPO_histo

29 PPQO_signal 9-days WMA of PPO

30 | MACD_signal 9-days WMA of MACD

31 ROC_9 9-days EMA of ROC

32 EMA9 EMAS50 dist Distance Between EMA9 and EMA50
33 EMA9 EMA200 dist Distance Between EMA9 and EMA200
34 EMA50 EMA200_dist Distance Between EMA50 and EMA200
35 EMA9_EMAS50_dist_sign | Comparison of EMA9 and EMA50

36 EMA9_EMA200_dist_sign | Comparison of EMA9 and EMA200
37 EMA50_EMA200_dist_sig | Comparison of EMA50 and EMA200
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Simple Moving Average (SMA): A simple moving average (SMA) is the
average of a stock’s price over a period of time. SMA is generally used to
determine trend direction. In this thesis 14-days (Aycel and Santur 2022) period
is used to calculate the SMA and the formula is denoted in the below expression,
where Price, is the closing price value for each time unit in the relevant period

and n is the size of the period.

SMA = YL Price; 3.D

Exponential Moving Average (EMA): Exponential Moving Average (EMA)
is a type of moving average (MA) that puts more emphasis on recent data points.
The reason for using exponential moving averages is that the exponential
moving average (EMA) responds rapidly when the price of stocks changes in the
financial market. In this thesis 9-days, 50-days, and 200-days periods are used

to calculate the EMA and the formula is denoted in the below expression.

EMA = Price; x multiplier + EMA (Price,_1) x (1 — multiplier) (3.2)

where the multiplier is computed as follows:

2
(number of observations + 1)

multiplier = ( ) in which number of observations is

the total number of closing values that are contained in the EMA.

Relative strength index (RSI): The relative strength index (RSI) is a
momentum indicator used in technical analysis that measures the significance of
recent price changes to assess oversold or overbought positions in the price of a
stock. It measures a number from 0 to 100. Using this measurement, buy-sell
signals are produced for the researcher. The most common strategy in the market

is to buy when a 14-day period RSI falls below 30 and sell when it rises above
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70 (Chen et al., 2021). The default RSI setting for the RSI indicator is 14-periods.
The Average Gain input of the close stock price is higher than the previous price.
The Average Loss input of the stock close price is lower than the previous price.
RSIis computed according to equation 3.3, and Average Gain and Average Loss

are computed according to the below algorithm:

RSI =100 — 100 (3.3)

1+(Average Gain/Average Loss)

Algorithm: Compute Average Gain and Average Loss
Input: return = (Close Price;-Close Price;_;)/Close Price;_;
Output: Average Gain and Average Loss
Set initial values total gain = 0, total loss = 0
Period = 14-days (value = 14)
for t =1 to Period:

if (return) > 1 :

total gain = total gain + |return|
else:

total loss = total loss + |return|

end for
Average Gain = total gain / Period

Average Loss = total loss / Period

Money Flow Index (MFI): The Money Flow index (MFI) is a momentum indicator
used in technical analysis that measures the significance of recent price changes to
assess. When MFI gets over 80 it is considered overbought and when MFI moves

down below 20 it is considered oversold.
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100
MFI =100 — 1+(Monef Flow Ratio) (3.4)

Positive Money Flow(14_days_Period)

M Flow Ratio =
oney row Ratio Negative Money Flow(14_days_Period)

where money flow ratio is computed as follows:

Raw Money Flow = Typical Price * Volume

High; + Low, + Close,
3

Typical Price =

In the Positive Money Flow phase, the Raw Money Flow increase from one
period to the next period if Raw Money Flow is positive and it is added to Positive
Money Flow.

In the Negative Money Raw phase, the Raw Money Flow decreases from
one period to the next period. If Raw Money Flow is negative and it is added to

Negative Money Flow.

Rate of Change (ROC): Rate of change is used to define the percentage change in
stock prices over a defined period, and it symbolizes the momentum of a parameter.

The calculation of the rate of change is denoted in the below expression.

Pricet

ROC = 100 * ( ~1) (3.5)

Price¢—q
9 days EMA of MFI (MFI_EMA_9): The MFI_EMA_9 is an indicator that is more
robust than MFL It is defined by our study. The reason for the selected nine days
EMA of MFI is ema responses more quickly, and 9 days is generally used in the

finance literature (Pardeshi and Kale, 2021). Thus, we will have made a more stable
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MFI approach. The calculation of 9 days EMA of MFI is denoted in the below

expression.

MFI_EMA_9 = EMA(MFI, 9) (3.6)

9 days EMA of RSI (RSI_EMA_9): The RSI_EMA_9 is an indicator that is more
robust than RSI. It is defined by our study. The reason of the selected 9 days EMA
of RSI is ema responds more quickly, and 9 days is generally used in the finance
literature (Pardeshi and Kale, 2021). Thus, we will have a more stable RSI approach.
The calculation of 9 days EMA of RSI is denoted in the below expression.

RSI_EMA_9 = EMA(RSI, 9) 3.7

True Range (TR): The True range is a measurement of volatility. It displays how
many financial instruments change the price on a given day. TR is computed as

below:

TR = max[(high — low), abs(high — close;_), abs(low — close;_;)] (3.8)

where high means the highest value of the asset for the current period low is the
lowest value of the asset for the current period, and closep eyious 1S the closing value
of the asset for the previous period.

Average True Range (ATR): The average true range (ATR) is a volatility indicator
that displays how much financial instruments move, on average, during a given
period. In this thesis, a 14-days period is used for the average true range (Chang et

al., 2019). It is computed as in Eq. 3.9.

ATR =Y, TR, (3.9)
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Positive Directional Indicator (+DI): The Positive Directional Indicator (+DI) is
used to calculate the presence of an uptrend. When the +DI is rising upward, it is a
signal that the uptrend is getting stronger. In this thesis, the 14-days period is used
for +DI (Ntakaris, A., et al. 2020). In Eq. 3.11, it’s formula is given:

S+DM
+DI = ( ATR

) +100 (3.10)

Negative Directional Indicator (-DI): The Negative Directional Indicator (-DI) is
used to calculate the presence of a downtrend. When the -DI is rising upward, it is a
signal that the downtrend is getting stronger. In this thesis, the 14-days period is used
for -DI (Ntakaris et al., 2020). In Eq. 3.11, It is computed as follows:

—DI = (S;fi“) 100 (3.11)

where
-DM = Previous Low - Current Low

+DM = Current High - Previous Low High

t —
S-DM = ¥{_;_14—DM + (2==22=2) 4 Current — DM

t
S+DM = $f__;, +DM + (2==2221) 4 Current + DM

Directional Movement Index (DMI): The Directional Movement Index (DMI) is
an indicator that defines the direction the financial time series is moving and the
strength of its movement. In this thesis, the 14-day period is used for DMI (Ntakaris
et al., 2020). It is computed as in Eq. 3.12.

|(+DD~(=DD)]

DMI = (|(+DI)+(—DI)|

) 100 (3.12)
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Chaikin Money Flow Index (CMFI): Chaikin Money Flow Index is a volume-
weighted average of aggregation and delivery over a specified period.

In Chaikin Money Flow the nearer the closing price is to the high, the more
aggregation has taken place. On the other hand, the nearer the closing price is to the
low, the more delivery has taken place. If the price action consistently closes above
the bar's midpoint on increasing volume, the Chaikin Money Flow will be positive.
On the other hand, if the price action consistently closes below the bar's midpoint on
increasing volume, the Chaikin Money Flow will be a negative value. In this thesis,
the 14-days period is used for CMFI (Jiang and Chang, 2020.). It is computed as in
Eq. 3.13.

CMFI = 21-day Average of the Daily Money Flow / 21-day Average of the Volume
(3.13)

where MFM is Money Flow Multiplier, and it is computed as follows
MFM = ((Close— Low) — (High— Close)) / (High— Low)

In the above equation

High is current period highest value of assets,

Low is current period lowest value of assets,

Close is current period closed value of asset.

By using MFM, money flow volume is computed as below:

MFV = MFM x Volume for the Period

Typical Price (TP): The Typical Price indicator takes the simple average between
the high, low, and closing prices. The Typical Price is denoted by the below

expression.

High+Low+Close

3 (3.14)

Typical Price =
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Triple Exponential Average (TRIX): The triple exponential average (TRIX) is a
momentum indicator that indicates the percentage change in a moving average that
has been smoothed exponentially three times.

The triple smoothing of moving averages is devised to screen price movements that

are considered unimportant. It is computed as in Eq. 3.15:

EMA3 ;) —EMA3j_q)
EMA3i-1)

where

EMA3; = EMA(EMAZ2;, N)

EMA2) = EMA(EMA1), N),

EMA14) = EMA(Price, N) which is the current value of the Exponential Moving

Average, and Pricej) is the currently closed value of the asset.

Moving Average Convergence/Divergence (MACD): The Moving Average
Convergence/Divergence indicator is a momentum indicator that shows the
relationship between two different moving averages of prices. It is fundamentally
produced by subtracting the 26-day EMA from the 12-day EMA. The crossover of
the two EMA lines gives trading signals similar to a two-moving average system(Lei
et al., 2020). The calculation of MACD is denoted by the below expression in Eq
3.16.

MACD = EMA(closed value, 12) — EMA(closed value, 26) (3.16)

Volatility Adaptive Moving Average (VAMA): The Volatility Adaptive Moving
Average indicator gives an adjusted moving average, based on the volatility of the
past N amount of periods, measured against the EMA of a certain length. The

calculation of VAMA is denoted by the below expression in Eq 3.17.
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_ Z%\I:O(Pricei*Volumei)

VAMA = Z%\I:O(Volumei)

(3.17)

Parabolic Stop and Reverse (PSAR): The Parabolic SAR is a technical indicator
that identifies the financial time series direction. The indicator is also described as a
stop and reverse system. It aims to determine potential reversals in the price
movement of financial time series. The calculation of PSAR is shown in the below

expression in Eq 3.18.

PSAR = Prior PSAR + Prior AF (Prior EP — Prior PSAR) (3.18)

In Eq. 3.18, EP is the highest high for an uptrend and lowest low for a downtrend
updated each time a new EP is reached. AF is equal to 0.02 by default, and it is

increased by 0.02 each time a new EP is reached, with a maximum of 0.20.

Triple Exponential Moving Average (TEMA): The triple exponential moving
average (TEMA) was designed to flat financial time series changing,
therefore making it easier to determine trends without the lag associated with
traditional moving averages (MA). It achieves this by taking multiple exponential
moving averages (EMA) of the original EMA and subtracting out some of the lag.
The calculation of TEMA is shown in the below formula in Eq 3.19.

TEMA = (3 EMA1) — (3 » EMA2) + (EMA3) (3.19)

Percentage Price Oscillator (PPO): The PPO indicator is based on a moving

average that supports the researcher in discovering in what direction a particular

financial time series may move in the near future. It uses two moving averages — one

over a shorter period and one over a longer period. It averages that information to

display a trend. The calculation of PPO is shown in the below formula in Eq 3.20.
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EMA(12 Period) —EMA(26 Period)

PPO = EMA(26 Period)

(3.20)

Chande Momentum Oscillator (CMO): The Chande Momentum Oscillator’s
calculations are just the total net change over a period divided by the absolute value
of the individual net changes over that period. The values of the CMO intervals are
between — 100 and + 100. When CMO values are above 50, it means overbought
conditions conditions for the financial instrument, while the CMO values are below
— 50 mean financial instrument is oversold. In this thesis, the system period is set as
9 days (Wang, 2020). The calculation of CMO is shown in the below formula in Eq
3.21.

CMO = sumHigh —sumLow (3.21)

sumHigh +sumLow

where sumHigh is the sum of the difference between today's close and yesterday's
over N periods, and sumLow displays the absolute value of the difference between

today's close price and yesterday's close price on down days.

Weighted Moving Average (WMA): The weighted moving average (WMA) is a
technical indicator that allocates a greater weighting to the most recent financial
instrument values and less weighting to financial instrument values in the distant
past. The WMA is found by multiplying each number in the data set by a predefined
weight and summing up the resulting values. In this thesis, the system period is set
as a 9-days period(Sezer and Ozbayoglu, 2018). The calculation of WMA is shown
in the below formula in Eq 3.22.

__(Closed Valueq * n) +(Closed Value, * n—1) +---+ Closed Value,
WMA = [+ D)]/2 (3.22)
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where n is the time period count.

Hull Moving Average (HMA): The Hull Moving Average (HMA) efforts to reduce
the lag of a traditional moving average while maintaining the flatness of the moving
average line. This indicator is based on weighted moving averages to emphasize
more recent values for reducing lag. The resulting averaging is more sensitive and
well-suited for determining entry points. . In this thesis, the system period is set as a
9-days period (O.B. Sezer, and A.M. Ozbayoglu, 2018). The calculation of WMA is

shown in the below formula in Eq 3.23.

HMA = WMA(2 * WMA(n/2) - WMA(n)), sqrt(n)) (3.23)

Commodity Channel Index (CCI): The Commodity Channel Index (CCI) is a
momentum-based indicator used to help decide when a researcher's financial
instrument is reaching a status of being overbought or oversold. CCI Indicator makes
movements within the reference value range. Above +100 is considered overbought,
and below -100 is considered oversold (Wang, S., 2020). The calculation of CCI is

shown in the below formula in Eq 3.24.

CCI = (TP — 14_period SMA of TP) / (0.015 * Dev) (3.24)

where Dev is computed as below, TP is shown in In Eq. 3.14 and SMA is shown in

YL, TP-SMA
n

Eq. 3.1, and n is the period. Dev =

Larry William %R (WR): The Williams %R is a momentum indicator that is the
opposite of the Fast Stochastic indicator. When Williams %R takes values between
0 and -20, it is considered overbought. On the otherhand, Williams %R takes values

between -80 to -100 are considered oversold. Williams %R considers the level of the
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close relative to the highest high for the look-back period(Wang, 2020). The

calculation of WR is shown in the below formula in Eq 3.25.

WR = (Highest High value — Close value)

- (Highest High value — Lowest Low value)

* —100 (3.25)

14-days MA of RSI (RSI_MA_14): The RSI_MA_14 is an indicator that is more
robust than RSI. It is defined by our study. The reason for the selected 14 days SMA
of RSI is sma responds more slowly, and 14 is generally used in finance literature.
Thus, we will have made a more stable RSI approach. The calculation of 14 days

SMA of RSI is denoted below expression.

RSI_MA_14 = SMA(RSI, 14) (3.26)

3-days EMA of MFI (MFI_MA_3): The MFI_MA_3 is an indicator that is more
robust than MFL. It is defined by our study. The reason for the selected 3 days EMA
of MFI is ema responses more quickly, and 3 is short term to observed shortchanging
in MFL. Thus, we will have made more quick changes in MFI. The calculation of 3

days EMA of MFI is denoted in below expression.

MFI_MA_3 = EMA(MFI, 3) (3.27)

PPO- PPO_histo (PPO_Histo): The percentage price oscillator (PPO) is a
technical momentum indicator that denotes the relationship between two exponential
moving averages. The moving averages are a 26-days period and a 12-days period
exponential moving average (EMA). The PPO is used to compare financial
instrument performance and volatility that could manage to price turnaround,
produce trade signals, and assist verify trend direction(Wang, 2020). The calculation

of PPO_histo is shown in below expression.
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EMA(12 Period) —EMA(26 Period)

PPO = EMA(26 Period)
PPOyyis, = PPO — PPO Signal Line (3.28)
PPO Signal Line = EMA(PPO,9) (3.29)

9-days EMA of MACD (MACD_signal): A 9-day EMA of the MACD called the
MACD_signal, which can operate as a trigger for buy and sell signals(Lei, Y., et al.
2020). When the MACD crosses above its signal line and it means the financial time
series goes uptrend when the MACD crosses below the signal line, it means the

financial time series goes downtrend.

MACD_signal = EMA(MACD , 9) (3.30)

9-days EMA of ROC (ROC_9): The ROC_9 is an indicator that supports the
researcher to make robust decisions. It is defined by our study. The reason for the
selected 9 days EMA of ROC is EMA responses more rapidly, and 9 days is
generally used in the finance literature. Thus, we will have made a more stable ROC

approach. The calculation of 9 days EMA of ROC is denoted below expression.

ROC_9 = EMA (ROC, 9) 3.31)

3.2.2. Generating A Novel Distance-Based Features

Distance Between EMA9 and EMAS5S0 (EMA9_EMAS5(_dist): The
EMA9_EMAS5O0_dist is the novel approach to predicting the relationship between
financial time series and its trend. The strength of distance gives how strongly the

time series will change its position. In this thesis, EMAY is the fastest exponential
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moving average and EMASO0 is the fast exponential moving average. Fig 3.4 presents
distances between EMA9 and EMASO0. The calculation of distance between EMA9
and EMASO0 is denoted in the below expression.

Ema9—-Ema50
Ema9

EMA9_EMAS50_dist = abs( ) (3.32)

Distance Between EMA9 and EMA200 (EMA9 _EMA200_dist): The
EMA9_EMA?200_dist is the novel approach to predicting the relationship between
financial time series and its trend. The strength of distance gives how strongly the
time series will change its position. In this thesis EMA9 is the fastest exponential
moving average and EMA?200 is the slow exponential moving average. The distances
between EMA9 and EMA200 are the main indicator that shows which trend of the
time series will be. Fig 3.4 presents distances between EMA9 and EMASO0. The
calculation of distance between EMA9 and EMA200 is denoted in the below

expression.

EMA9-EMA200

EMA9_EMAZ200_dist = abs( EMAS

) (3.33)

Distance Between EMAS50 and EMA200 (EMAS50_EMAZ200_dist): The
EMAS0_EMA200_dist is the novel approach to predicting the relationship between
financial time series and its trend. The strength of distance gives how strongly the
time series will change its position. In this thesis, EMAS5OQ is the fast exponential
moving average and EMA200 is the slow exponential moving average. Fig 3.4
presents distances between EMAS0 and EMA200. The calculation of distance
between EMAS50 and EMA200 is denoted in the below expression.

EMA50-EMA200

EMA50_EMA200_dist = abs(————

) (3.34)
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Figure 3.4. The distances between moving averages

Comparison of EMAY9 and EMAS0 (EMA9_EMAS(_dist_sign): The
EMA9_EMAS5O0_dist is the novel approach to illustrating financial time series trends.
The value of the distance sign gives the time series trend. In this thesis,
EMA9_EMAS5O0_dist_sign takes two positive parameters. Positivity is a vital
situation for CNN architecture. In CNN architecture inputs must take only positive
values. The EMA9_EMAS0_dist_sign takes 1 and 2 values. if the system set “1”
value on this EMA9_EMASOQ_dist_sign parameter, it means this downtrend but it
does not mean the time series is in a down trend. The main trend is the partial trend.
if the system set “2” value on this EMA9_EMAS0_dist_sign parameter, it means this
is a partial uptrend in the main trend. The calculation of the distance sign between

EMA9 and EMAS50 is shown in the below expression.

1, if EMA9 < EMAS50

EMA9_EMAS50_dist_sign = {2’ otherwise

(3.35)
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Comparison of EMAY9 and EMA200 (EMA9_EMAZ200_dist_sign): The
EMA9_EMA200_dist_sign is the novel approach to illustrating financial time series
trends. The value of the distance sign gives the time series trend. In this thesis,
EMA9_EMA200_dist_sign takes two positive parameters. Positivity is a vital
situation for CNN architecture. In CNN architecture inputs must take only positive
values. The EMA9_EMA?200_dist_sign takes 1 and 2 values. If the system set “1”
value on this EMA9_EMA?200_dist_sign parameter, it means this is downtrend. If
the system set “2” value on this EMA9_EMA200_dist_sign parameter, it means an
uptrend. The calculation of the distance sign between EMA9 and EMA200 is

denoted in the below expression.

1, ifEMA9 < EMA200

2, otherwise (3.36)

EMA9_EMAZ200_dist_sign = {

Comparison of EMAS0 and EMA200 (EMAS0_EMA200_dist_sign): The
EMAS0_EMA200_dist_sign is the novel approach to illustrating financial time
series trends. The value of the distance sign gives the time series trend. In this thesis,
EMAS0_EMA200_dist_sign takes two positive parameters. Positivity is a vital
situation for CNN architecture. In CNN architecture inputs must take only positive
values. The EMAS0_EMAZ200_dist_sign takes 1 and 2 values. The sign between the
distance of EMAS0 and EMA200 shows the strength of financial time series trends.
The calculation of the distance sign between EMAS50 and EMA200 is denoted in the

below expression.

1, if EMA50 < EMA200

2, otherwise (3.37)

EMA50_EMA200_dist_sign = {

Distance signs between EMA9, EMAS50, and EMA200 values are shown in in Fig.
3.5.
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Figure 3.5. The distances sign between moving averages

3.3. Design Infrastructure of the Proposed Method

Moving averages are the important technical indicators for financial time
series. They perform a fundamental role in most investment strategies. They include
a certain amount of data over a predefined period. In this section, we accept that
EMAZ200 is a slow (long-term) moving average, EMAS50 is medium, and EMA9 is
fast (short-term). We define our system and explain how to develop the proposed
exponential moving-average strategy on our system. The reason for selecting the
exponential moving average is that it reacts more quickly by allocating weights to
the data.

The proposed model makes its decision according to the location of
exponential moving averages to each other. The proposed model is devised to
forecast financial time series that produce a certain return or loss over a certain
period. As we point out above, EMA crossovers are also used to define price trends.
The purpose when using indicators is to determine financial time series trends. When

a faster EMA9 crosses above a slow EMA200, it implies the financial time series is
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in an uptrend. On the other hand, a faster EMA9 crosses below a slow EMA200, it
implies the financial time series is in a downtrend. According to these approaches,
we defined four cases (class labels) that we called "earning class", "earning trap
class", "losing class", and "losing trap class" as shown in Fig. 3.6. If the system
observes an earning class, a buy signal can be offered. For losing class, a sell signal
can be offered. On the other hand, for the remaining classes hold signal may be

asserted as we explain in the next subsections.

4. Lossing Trap Class

2.Earning Trap Class

4.Lossing Trap Class

2.Earning Trap Class

2015 ay E 016 Ma; £ 2017 Ma Ey 018 Ma 4 019 May 2020

Figure 3.6. Exhibition of the buy/sell signal field.

EMA crossovers find out the future movement of financial time series. On
the other hand, there are scenarios that will break this approach. In order to improve
the forecasting accuracy of our system, our proposed model considers 4 different
cases. We demonstrate the logic of our new approach in Fig. 3.6 where the red line
symbolizes EMA?200, the blue line symbolizes EMAS0, and the green line
symbolizes EMAO9. In this method, the system tries to forecast four types of classes:

1) earning class (EC), ii) earning trap class (ETC), iii) losing class (LC), and
iv) losing trap class (LTC) (Ihab et al., 2009).

38



3. MATERIALS AND METHODS Ugur EJDER

The system performs as follows: when a short-term EMA9 crosses above a
long-term EMAZ200, it implies the system is creating a buy signal, but sometimes
this situation can be a trap. Alternately, when a short-term EMA9 crosses below a
long-term EMA?200, it implies the system is creating a sell signal, and this situation
can also sometimes be a trap. To overcome the trap problem, a new system, which
takes a distance-based approach, was devised. When a short-term EMA9 crosses
above a long-term EMA200, two possibilities exhibit themselves. One of them is
“earning class”, and the other is “earning trap class”. In this case, the system has paid
attention to both technical indicators and, our proposed features that are calculated
from the distance between the exponential moving averages.

At the same time, when a short-term EMA9 crosses below a long-term
EMA200, the system has paid attention to both technical indicators and our proposed
features again make more efficient decisions. This novel method is illustrated in Fig.
3.7. which displays the sign and distance relations between moving averages; for
example, EMA9_EMAS50_dist means the distance between EMA9 and EMASO,
EMA9_EMA200_dist is the distance between EMA9 and EMA200, and
EMAS50_EMAZ200_dist means the distance between EMAS50 and EMA200. On the
other hand, EMA9_EMAS0_dist_sign compares the results of EMA9 and EMAS0 if
the EMAO9 value is lower then, its value is equal to 1 otherwise equals 2 and the
same  convention applies to the EMA9_EMA200_dist_sign  and
EMAS50_EMAZ200_dist_sign values. In this model, the distance between exponential
moving averages and their position relative to each other is very significant. In
equations (3.32), (3.33), (3.34), (3.35), (3.36), and (3.37), distances and their position
relative to each other are illustrated. In the next subsection, we will explain how to

use these features to label time series data for a given period.
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Figure 3.7. Exhibition of a distance-based approach.

3.4 Labeling and Normalization Process

In this study, one of our aims is to determine how to label the financial time
series data to train CNN model. The most important part is to predict the reversal
point of the financial time series over a given period. Raw data labeling in time series
to be used in machine learning processes is a complicated task. In our proposed
model, data labeling is completely parametric. The labeling process involves two
parts. In the first part, the end-of-day closing data is received from the raw data.
Then, threshold values are determined for a specific time interval and specific earn,
loss, earn trap, and loss trap values. As we described in section 3.3, there are four
classes, defined as earning class, earning trap class, losing class, and losing trap
class. In the first case when EMA9 crosses above EMA200 and the system makes at
least x% profit within ¢ days, where x is earn_ratio and ¢ is the with_in_day parameter

in Algorithm 1, this indicates an earning class and it is shown in Fig 3.8. The values
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of x and ¢ are determined by the system user, and in Algorithm 1, x is chosen as 10%,

and ¢ is set to 60 days.
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Figure 3.8. Presentation of an Earning Class.

In the first case when EMAO crosses above EMA200 and the system makes
at least x% profit (e.g., 10%) within ¢ days (e.g., 60 days in Algorithm 1) this
indicates an earning class and it is shown in Fig 3.8

In the second case, when EMA9 crosses above EMA200 and the system
doesn't make at least x% profit—where x is earn_ratio in Algorithm 1 (e.g., x = 10),
within ¢ days, where ¢ is the with_in_day parameter in Algorithm 1—this indicates

an earning trap class and this case is shown in Fig 3.9
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Figure 3.9. Presentation of an Earning Trap Class.

In the third case EMA9 crosses below EMA200 and the system produces at
least y% loss—where y is loss_ratio in Algorithm 2, within ¢ days, where ¢ is the
with_in_day parameter in Algorithm 2—this indicates a losing class. In that case,
the system warns the researcher of at least the y%-loss ratio. At the end of the pre-
defined time interval, financial instrument loss is more than the predefined y% loss
ratio. This indicates a losing class and it is shown in Fig 3.10

In the fourth case, EMAY crosses below EMA200 and the system doesn't
produce at least y% loss within ¢ days indicating a losing trap class. In that case, the
system warns the researcher of a trap situation where y is loss_ratio in Algorithm 2,
within ¢ days, where ¢ is the with_in_day parameter in Algorithm 2. At the end of the
pre-defined time interval financial instrument does not lose more than the pre-

defined y% loss ratio. This indicates a losing trap class and it is shown in Fig 3.11
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Figure 3.10. Presentation of a Losing Class.
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Figure 3.11. Presentation of a Losing Trap Class.

The x% profit or y% loss within t days are configurable values, and they are
set by the user of the system. As a result, the proposed model is adaptable, and it can

be set for any user-defined profit/loss ratio for a user-defined period of time.
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The infrastructure of the labeling process is illustrated in Algorithm 1 and
Algorithm 2. The labeling process indicates the movements of the stock prices after
the EMA values cross each other, and the desired profit or loss amounts can be
defined by the designed algorithms. The threshold points are used in determining the
class label. Class labels are determined by Algorithms 1 and 2, and they are assigned
to their relative 2D image-like data arrays.

After the labeling operation, we had 6425 instances and 24 attributes for each
stock. This means each vector had 24 features that needed to be applied to
normalization operations on each vector. In Eq. (3.38) and (3.39), a min-max

transformation of each vector that was used for each stock feature is shown.

deltag, = e (3.38)

maxValue i —minValue(;)
new_valuey = (old_valuey — minValue(;)) * delta (3.39)
In Eq. (3.38), size is defined as a constant value that is set randomly. But its value is
initialized as 255. The new interval is between 0 and 255 because we tried to imitate

the image pixel values. Delta is an equal step between intervals. The new value is set

with Eq. (3.39).
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Algorithm 1: Labeling Earning Class

Set with_in_day to 60 [ Max 60 days later
Set earn_ratio to 10 Jf Min %510 profit
Set down to 1 // Trend of stock
Setup to 2 // Trend of stock
Set up_limit to 5 [ Threshold
Set up_limit_Increase to 2 J/ Threshold
Set Index_list to [] //Index of stock_DataFrame
Set counter_list to [] [/ Go back days before crosses EMA
Set Index_Counter to [] [/ concatenate list
Set Index_Finish to 0 [/ Define index
Set counter to 0 // Transaction days
Set counter_up to 0 // Flexibility of system
Set start to 0 // start index of stock
Set finish to 0 // Last index of stock
1L FOR Each stock_code in the list stock_list:
2 stock_DataFrame = Call load_stock_data(stock_code)
i finish € lenght{stock_DataFrame)
4 FOR i=0 to Cali ramge(start,finish):
5 sign 4 stock_DataFrame [i]["sign™])
6. IF sign = down THEN
7. Increment counter
8. ELSEIF [sign = up) AND [counter > up_limit)AND [(counter_up < up_limit_Increase)
0, INCREMENT counter_up
10. ELSE (sign = up) AND [counter > up_limit)
11. Index_Finish € stock_DataFrame[i]["Index"]
12, Index ADD Index_Finish
13. counter_list ADD counter
14. Counter € 0
15. Counter_up € 0
ENDIF
Index_Counter ADD counter_list,Index
END FOR

END FOR
FOREACH Index In Index_Counter
start_last_value # stock_DataFrame[index]
max_last_value +€ stock DataFrame[index:index INCREMENT with_in_day]
profit € (max_last_value - start_last_value)/start_last_value
IF profit > earn_ratio
Result #= 'Earning Class'
ELSE
Result 4= 'Earning Trap Class"
END IF
END FOREACH

ERBEPREBBREERSS
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Algorithm 2: Labeling Losing Class

Set with_in_day to 15

Set lost_ratio to 10

Set down to 1

Setupto 2

Set up_limit to 5

Set down_limit_Increase to 2
Set Index_list to []

Set counter_list to []

[/ Max 15 days later

[/ Min %10 lost

[{ Trend of stock

// Trend of stock

// Threshold

/{ Threshold

//index of stock_DataFrame

// Go back days before crosses EMA

Set Index_Counter to []
Set Index_Finish to 0
Set counter to O

Set counter_down to 0
Setstart to 0

Set finish to 0

[/ concatenate list

// Define index

[/ Transaction days
[/ Flexibility of system
[/ start index of stock
[/ Last index of stock

1. FOR Each stock_code in the list stock_list:

2. stock_DataFrame = Call load_stock_data(stock_code)

3. finish € lenght(stock_DataFrame)

4. FOR i=0 to Call range(start,finish):

5. sign € stock_DataFrame [i]["sign"]

6. IF sign =up THEN

7. Increment counter

8. ELSEIF  (sign =down) AND(counter = up_limit)AND(counter_down <down_limit_Increase)
9. INCREMENT counter_down

10. ELSE (sign = down) AND (counter > up_limit)

11. Index_Finish €=stock_DataFrame[i]["Index"]
12. Index ADD Index_Finish

13 counter_list ADD counter

14. Counter €0

15. Counter_down € 0

16. ENDIF

17. Index_Counter ADD counter_list,Index

18. END FOR

19. END FOR

20. FOREACH Index In Index_Counter

21. start_last_value € stock_DataFrame[index]

22 min_last_value %= stock_DataFrame[index:index INCREMENT with_in_day]
23 lost €= (start_last_value- min_last_value }/start_last_value
24, IF lost > lost_ratio

28. Result 4= 'Lossing Class'

27. ELSE

28. Result € 'Lossing Trap Class'

29, END IF

30. END FOREACH
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3.5 Determining Appropriate Technical Indicator Features

In this part of the study, the purpose is to determine the suitable financial
technical indicators using the wrapper algorithms. To select the best possible
performance with a specific learning algorithm on a training dataset, a feature subset
selection algorithm should consider how the algorithm and the training set react. In
our study, we use recursive feature elimination and sequential feature selection
algorithms. These models choose a subset of features and measure the performance
(accuracy) of the adopted set of features by utilizing a classifier. Therefore, wrappers
can generate better feature subsets to improve the performance of the classification
methods. Both approaches concentrated on the utilization of classification
algorithms which are the regression tree (CART), and the gradient boosting
algorithm (GBM) to control classification penalty. The first feature selection method
RFE uses CART estimator, whereas the second feature selection method SFS applies
GBM to evaluate the fitness of the identified feature subset. In this study, we applied
both RFE and SFS methods and merged the features identified by the two methods

to get a better result.

3.5.1. Recursive Feature Elimination (RFE) by using Classification and
Regression Tree (CART)

RFE is a feature selection algorithm that removes the weakest feature until
the optimum number of features is obtained. Features are sorted by the importance
of the model’s feature, and by recursively considering smaller and smaller sets of
features per loop, RFE aims to remove unnecessary features based on variance and
the correlation between them. There are two significant configuration choices when
we define the best feature set using RFE: the choice in the number of features to
choose and the selection of the method used to support selected features. The RFE
approach to defining better feature subsets is handled by the use of classification and
regression tree (CART) estimators. There is no particular reason for us to choose the

CART method. The main reason for selecting CART is to use it for both
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classification and regression problems. In our system, our model makes
classification therefore CART can be used to select best features for the classification

process. Fig 3.12 presents how RFE selects best feature subset.

Train dataset with CART
Model

|
v

Measuring
feature
importance

v
The least
important
predictor(s) are
removed

oy

Calculate the
NO accuracy of
feature subset

Is feature subset empty?

YES

The sort of features

Figure 3.12. Presentation of RFE using CART.

As a result, after the loop is ended the feature subset size is a tuning
parameter for RFE. The feature subset size that increases the performance criteria is
used to adopt the features based on the importance rankings. The final subset is then
used to train the system.

There are 19 technical indicators selected by RFE and they are listed in Table
3.3. The reason for selecting these technical indicators is they have stable values and
get a certain range of values. For example, RSI gets values between 0 and 100. It

does not change from financial instrument to financial instrument.
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Table 3.3. Technical Indicators Selected By Rfe

No | Indicator (Input) Description
1 DI+ Positive Directional Indicator
2 DI- Negative Directional Indicator
3 MFI Money Flow Index
4 MFI_EMA_9 9-days EMA of MFI
5 MFI_MA_3 3-days MA of MFI
6 RSI Relative Strength Index
7 RSI_MA 3 3-days SMA of RSI
8 RSI_MA_14 14-days SMA of RSI
9 RSI_EMA_9 8-days EMA of RSI
10 | WR Larry William %R
11 PPO_histo PPO- PPO_histo
12 | PPO Percentage Price Oscillator
13 PPQO_signal 9-days WMA of PPO
14 | CCI Commodity Channel Index
15 | CMO Chande Momentum Oscillator
16 | MACD Moving Average Convergence
Divergence
17 | MACD_signal 9-days WMA of MACD
18 | ROC_9 9-days EMA of ROC
19 | CMFI Chaikin Money Flow Index
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Table 3.4. The Accuracy Values of Each Subset of Selected Technical Indicators By

Rfe With Cart Classifier
No | Indicator (Input) Accuracy (%)
1 CMO 30.19%
2 CMO, MACD 30.80%
3 MFI, CMO, MACD 31.98%
4 MFI, PPO_histo, CMO, MACD 35.25%
5 MFI, WR, PPO_histo, CMO, MACD, 33.46%
6 MFI, WR, PPO_histo, CMO, MACD, ROC_9 34.39%
7 MFI, WR, PPO_histo, CMO, MACD, ROC_9, CMFI 33.46%
8 DI+, MFI, WR, PPO_histo, CMO, MACD, ROC_9, CMFI 34.00%
9 DI+, DI-, MFI, WR, PPO_histo, CMO, MACD, ROC 9, 34.16%
CMFI
10 | DI+, DI-, MFI, WR, PPO_histo, PPO, CMO, MACD, 34.78%
ROC_9,CMFI
11 DI+, DI-, MFI, RSI_MA 14, WR, PPO_histo, PPO, 35.56%
CMO,MACD, ROC_9, CMFI
12 | DI+, DI-, MFI, RSI_MA 14, WR, PPO histo, PPO, 35.01%
CCI,CMO, MACD, ROC_9, CMFI
13 | DI+, DI-, MFI, RSI, RSI_MA 14, WR, PPO_histo, 34.63%
PPO,CCI, CMO, MACD, ROC_9, CMFI
14 | DI+, DI-, MFI, MFI_EMA 9, RSI, RSI_MA 14, WR, 36.65%
PPQO_histo,PPO, CCl, CMO, MACD, ROC_9, CMFI
15 | DI+, DI-, MFI, MFI_EMA_9, RSI, RSI_MA 14, WR, 35.25%
PPQO_histo,PPO, PPO_signal, CCI, CMO, MACD,
ROC _9, CMFI
16 | DI+, DI-, MFI, MFI_EMA 9, RSI, RSI_MA_14, 35.40%
RSI_EMA_9, WR,PPQO_histo, PPO, PPO_signal, CCl,
CMO, MACD, ROC_9,CMFI
17 | DI+, DI, MFI, MFI_EMA_ 9, RSI, RSI_MA 14, 34.94%
RSI_EMA_9, WR,PPQO_histo, PPO, PPO_signal, CCl,
CMO, MACD, MACD_signal,ROC_9, CMFI
18 | DI+, DI-, MFI, MFI_EMA 9, MFI_MA_3, RSI, 36.80%
RSI_MA 14,RSI_ EMA_ 9, WR, PPO histo, PPO,
PPQO_signal, CCl, CMO,MACD, MACD_signal, ROC_9,
CMFI
19 | DI+, DI, MFI, MFI_ EMA 9, MF|_ MA 3, RSI, 36.73%
RSI_MA _3,RSI MA 14, RSI_ EMA 9, WR, PPQO _histo,
PPO, PPO_signal, CCI,CMO, MACD, MACD_signal,
ROC 9, CMFI
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Recursive Feature Elimination (RFE)
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Figure 3.13. Effective feature representation of RFE

Table 3.4 presents accuracy of classification when the selected feature
subsets are used. As shown in Table 3.4 and Figure 3.13 the highest accuracy at
36.80% is obtained when 18 features are used. These selected features are DI+, DI-
, MFI, MFI_EMA_9, MFI_MA_3, RSI, RSI_MA_14, RSI_EMA_9, WR, PPO_histo,
PPO, PPO_signal, CCI, CMO, MACD, MACD_signal, ROC_9, CMFI.

3.5.2 Sequential Feature Selection (SFS) by using Gradient Boosting Algorithm
(GBM)

Sequential feature selection algorithms are a family of greedy search
algorithms which are used to reduce an initial n-dimensional feature space to a k-
dimensional feature subspace where k < n. The reasoning behind feature selection
algorithms is to adopt a subset of features that is most appropriate to the problem,
which results in optimal computation efficiency and diminishes the generalization
error of the model by eliminating irrelevant features. SFS is an iterative method
evaluating the performance metric and calculating a statistical significance test in a
for-loop, training each iteration model with a different number of features and then
measuring how the system performs (Ferri et al., 1994) . The SFS system follows

the below steps.
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In this algorithm, at each iteration one feature x™ is selected and it is inserted
into the feature subset X;, x™ is the feature that optimizes the selection function, that
is, the feature that is involved with the best feature performance.

When the system determines the best feature using SFS: the choice in the

number of features to choose and the selection of the method used to help adopt

Input: X = {x4,x,, ...,x,} The SFS algorithm takes the n features as input
Output: X; = {x; |i =1,2,...,t; x; € X} wheret = 1,2, ..., k; the return of subset
features; where k< n
Initialization: X, =@,t =0
Iter 1:

Xt = arg max I (X; + X), where x € X — X,

Xeg1 = Xp+x™t

t=t+1

Go to Iter 1

Terminate k=p

features to be done. The SFS approach to defining better feature subsets is handled
by the use of the Gradient Boosting Machine (GBM) predictor. The reason for
choosing GBM is to optimize different loss functions and offers many
hyperparameter tuning alternatives that make the function regulation very flexible.

Fig 3.13 shows flowchart of SES approach using GBM.
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Figure 3.14. Presentation of SFS using GBM.

53

—YC S

Adopted Feature
Subset.

Stop Loop



3. MATERIALS AND METHODS

Ugur EJDER

Table 3.5. The Accuracy Result of Technical Indicators Used in SFS With GBM

No | Indicator (Input) Accuracy(%)
1 | CMO 37.66%
2 | MFI, CMO 38.17%
3 | DI+, MFI, CMO 38.69%
4 | DI+, MFI, CMO, MACD_signal 38.54%
5 | DI+, MFI, RSI_MA_14, CMO, MACD_signal 38.75%
6 | DI+, MFI, RSI_MA_14, PPO, CMO, MACD_signal 38.54%
7 | DI+,MFLRSI_MA_14,PPO,CCI,CMO,MACD_signal 39.12%
8 | DI+,MFI, RSI_MA_14,PPO_histo, 39.18%
PPO,CCL,LCMO,MACD_signal

9 | DI+,MFLRSI_MA_14,PPO_histo,PPO,CCI,CMO,MACD, 39.55%
MACD_signal

10 | DI+, MFLRSI_MA_14,WR PPO_histo,PPO,CCI,CMO,M 39.60%
ACD,MACD_signal

11 | DI+, DLMFLRSI_MA_14,WR,PPO_histo,PPO,CCI,CMO, 39.66%
MACD,MACD_signal

12 | DI+, DLLMFLRSI,RSI_MA_14, WR,PPO_histo,PPO,CCI,C 39.12%
MO,MACD,MACD_signal

13 | DI+, DILMFLRSIL,RSI_MA_14,WR,PPO_histo,PPO,PPO_s 39.22%
ignal, CCI,CMO,MACD,MACD_signal

14 | DI+, DLMFLRSILRSI_MA_14,RSI_EMA_9,WR,PPO_hist 39.29%
0,PPO,PPO_signal, CCLCMO,MACD,MACD_signal

15 | DI+, DILMFIL,MFI_MA_3,RSI,RSI_MA_14,RSI_EMA_9, 39.47%
WR,PPO_histo,PPO,PPO_signal CCI,CMO,MACD,MAC
D_signal

16 | DI+, DILMFIL,MFI_MA_3,RSI,RSI_MA_14,RSI_EMA_9, 39.22%
WR,PPO_histo,PPO,PPO_signal, CCLCMO,MACD,MAC
D_signal, CMFI

17 | DI+, DLMFLMFI_MA_3,RSLRSI_MA_3,RSI_MA_14,R 38.98%
SI_EMA_9,WR,PPO_histo,PPO,PPO_signal, CC,CMO,M
ACD,MACD_signal, CMFI

18 | DI+, DLMFLMFI_MA_3,RSLRSI_MA_3,RSI_MA_14,R 39.06%
SI_EMA_9,WR,PPO_histo,PPO,PPO_signal, CC,CMO,M
ACD,MACD_signal, ROC_9,CMFI

19 | DI+, DLMFL,MFI_EMA_9,MFI_MA_3,RSLRSI_MA_3,R 37.66%
SI_MA_14,RSI_EMA_9,WR,PPO_histo,PPO,PPO_signal
,CCI,CMO,MACD,MACD_signal, ROC_9,CMFI
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Table 3.5 and Figure 3.15 presents classification accuracy values of the
GBM classifier when feature subsets selected by SES are used. As shown in Table
3.5, the highest accuracy score at 39.66% is obtained with 11 features using the GBM
classifier. The selected features are DI+, DI-, MFI, RSI MA_14, WR, PPO_histo,
PPO, CCI, CMO, MACD, and MACD_signal.

Both feature selection methods select different sets of features, so we
decided to combine the set of features selected by both methods. Therefore, we used
the following feature list that contains DI+, DI-, MFI, MFI_EMA_9, MFI_MA_3,
RSI, RSI_MA_14, RSI_EMA_9, WR, PPO_histo, PPO, PPO_signal, CCI, CMO,
MACD, MACD_signal, ROC_9, CMFI features in our study.

Sequential Forward Selection (SFS)
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Figure 3.15. Effective feature representation of SFS
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3.6. Generation of Input Dataset

GBM model optimal features are obtained. The RFE achieved the best accuracy
score with the CART model using 18 features. The SFS reached the best accuracy
score with 11 features using the GBM method. After defining the optimal features,
these features are merged with our proposed DBEMA features, and we have 24

features in total. In Table 3.6 the features that are used are illustrated.

In the previous section 3.5, with RFE using CART model and SFS using

Table 3.6. The List of Feature Sets

No Model Count Feature list
1 RFE 18 DI+, DI-, MFI, MFI_EMA_9, MFI_MA_3, RSI,
using the RSI MA_14,RSI_ EMA_9, WR, PPO_histo, PPO,
CART PPQO_signal, CCI, CMO, MACD, MACD_signal,
model ROC_9, CMFI
2 SFS 11 DI+, DI-, MFI, RSI_MA_14, WR, PPO_histo, PPO,
using CCIL, CMO, MACD, MACD_signal.
GBM
model
3 A Novel 6 EMA9_EMAS50_dist_sign, EMA9_EMASO0_dist,
DBEMA EMA9_EMA200_dist_sign, EMA9_EMA200_dist,
EMAS50_EMA200_dist_sign,
EMAS0_EMA200_dist.
4 Union of 24 DI+, DI-, MFI, MFI_EMA_9, MFI_MA_3, RSI,

Features

RSI_MA_14,RSI_EMA_9, WR, PPO_histo, PPO,
PPO_signal, CCI, CMO, MACD, MACD_signal,
ROC_9, CMFI, EMA9_EMAS50_dist_sign,
EMA9_EMASO0_dist, EMA9_EMA200_dist_sign,
EMA9_EMA200_dist,
EMAS50_EMA200_dist_sign,
EMAS0_EMA200_dist.
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The 24 features listed in the last row of Table 3.6 are used to generate a 2-D
image-like array for each stock. The above-listed parameters were computed by
using FinancelLab, which was developed in the Python programming language.
These optimal features and the novel DBEMA features were designed for forecasting
trends of financial time series over short, medium, and long time periods. The period
of the indicators was 9, 14, 50, and 200 days in this study. Each image had a 75 x 24
dimensions generated by using 24 features for 75 days period. At the same time, each
image was labeled as earning class, earning trap class, losing class, or losing trap
class by using the Algorithm 1 and Algorithm 2. The sorting of the features, before
image creation, was necessary; related indicators should come together to produce
meaningful image records, so we gathered the technical indicators common to the
SES and RFE feature lists and DBEMA parameters by their typical properties, such
as their manner indicators.

In this study, 6425 images from BIST data (between June 1, 1998, and April
21, 2021) were created for training and testing a CNN. The BIST data contains the
2001 and 2008 financial crisis periods. Class distributions of images are as follows:
earning class has 1953 samples, earning trap class has 1244 images, losing class has
2011, and losing trap class has 1217 samples. Moreover, out of 6425 images, 5140
of them were used as training the CNN and the remaining 1285 images were used
for testing. The order of features used are given in Figure 3.16.

The other important point of selecting image size is the number of days back.
In this study, several periods including 50, 75, 100, and 125 days were
experimentally evaluated. The results of these experiments are given in Table 3.7.
As it can be seen in Table 3.7, the system gets the best accuracy when it works for
75 days period. Therefore 75 days values of the 24 features are used to form images
that’s why image size is 75 * 24. We also have 1 additional feature which is the class

label of the image.
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Figure 3.16. 2-D-image-like representation of a stock.

Table 3.7. The Accuracy Result of Number of Days Back USED CNN-DBEMA

No Image Method Number of days Accuracy (%)
Count back
1 6425 CNN-DBEMA 50-days-period 56.11%
2 6425 CNN-DBEMA 75-days-period 57.28%
3 6425 CNN-DBEMA 100-days-period 52.69%
4 6425 CNN-DBEMA 125-days-period 53.58%

For the robustness of comparability, the three different representations of the
image dataset were used for financial time series prediction using the benchmarking
machine learning models. Fig. 3.17, Fig. 3.18, Fig. 3.19 show different

representations of the dataset used. The reason for generating different
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representations of the dataset is using different techniques for financial time series
analysis and each technique may perform better in different representation. For
example, CNN architectures work with two-dimensional array type data for each
data instance. However, other machine learning algorithms such as random forest
and kNN require a vector for each instance in the dataset.

In Fig. 3.17, the first representation method, which contains 2-d array of size
75%24 for each data instance, is displayed. This dataset form is used to
experimentation with CNN architectures. In Fig. 3.18, the second representation
method is shown in which only the last row (the feature values for the 75th day which
belong to the reference point (Cross-over) is used to represent a data instance. In Fig
3.19 the third representation method is shown in which average of 75-days feature
values are used. In that case each data instance is shown by a vector of size 24. In
Fig 3.20, all 75 days feature values are used but the 75*%24 matrix is converted into
a vector by concatenating each row so that the vector has 75*%24 = 1800 elements.
The last three representations are used to test benchmark classifiers other than CNN

based methods.
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3.7. The Benchmarking Models

In this thesis we used the well-known machine learning techniques such as
linear regression (LR), bagged trees regressor (BAG), Gaussian Naive Bayes (N.B.),
k-nearest neighbors (KNN), random forests (R.F.), multi-layer perceptron (MLP),
Convolutional Neural Network- Technical Analysis (CNN-TA), relative strength
index method (RSI) that are widely used in stock market predictions to make
comparison with our proposed method. The parameters used by each ML model are

shown in Table 3.10.

3.7.1 Linear Regression (LR) Method

When we implement a linear regression model for our data set, independent
features are x = (x1,Xy, ....X¢), and y is the dependent feature, y = Sy5,.S1x1 +
SoXg + - Sexe + ¢ denotes the relation between y and x where ¢ is the number
of features, S = (51,55, ....S¢t) 51,5, ... S; are the regression coefficients and ¢ is
the error. In this equation, n is the number of training samples.

The mathematical representation of the multivariate regression problem is

as follows;
[Feature matrix] * [Coeficients Vector]=[Class vector]
1] 1P
X X 12 12
11 1t .
: X1 | . | (3.40)
an Xnt . | . |
s,) ly,l

3.7.2 Bagged Trees Regressor (BAG) Method
The bagged Trees Regressor (BAG) method is a general method for fitting
multiple editions of a prediction model and then ensembling them into an aggregated

prediction. Bagging can be used for regression or classification.
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Mathematically, bagging is shown by the below expression in Eq. 3.41. The
left side of the equation is bag prediction and on the right side of the equation are the

individual predictors.

frag = [1(x0) + fo(x) + -+ fn(x) (3.41)

3.7.3 K-Nearest Neighbors (KNN) Method

The KNN algorithm is a supervised machine learning model used for both
classification and regression problems. In this study, the model is implemented by
best parameters to achieve the highest accuracy score. In Table 3.8 the best

parameters used in this study are illustrated.

Table 3.8. The Knn Tuning Parameters Used in Prediction

No | Parameter Name Value
1 leaf size 30
2 metric Minkowski
3 n_neighbors 48
4 | GridSearchCV 10

3.7.4 CNN-TA

CNN-TA is a CNN based model for financial time series analysis (Sezer and
Ozbayoglu 2018). The layers of the CNN-TA model are as follows: an input layer,
two convolutional layers, a max-pooling layer, two dropout layers, and a fully
connected layer and an output layer. Each image is a 2D array with a size equal to
15 x 15. Each image was generated by using 15 days period and 15 technical
indicators. The convolutional layers, respectively, had 32 and 64 neurons and outputs
of 15 x 15 x 32 and 15 x 15 x 64 dimensions. The max-pooling layer had dimensions
of 7 x 7 x 64. The dropout values were 0.25 and 0.50. The last layer of the model,
which is the fully connected layer, had 128 neurons. Four outputs were generated by
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EE 1Y

the CNN-TA model. This classes are “earning class”, “earning trap class”, “losing
class”, and “losing trap class”. In this model, a 3 x 3 size CNN filter/kernel was
used. To achieve outputs, a softmax function was used. The model was implemented

with the Python programming language using the Keras and TensorFlow libraries.

3.7.5 Multi-Layer Perceptron (MLP) Method

Multi-layer Perceptron (MLP) is a supervised machine learning method that
has a wide usage for classification and regression applications in many financial
areas (Kamalov et al., 2021). MLP focuses on the function f(x): R™ = R° which
learns by training on a dataset, where n is the number of features (inputs) and o is
the number of classes (outputs). x = (x4, x5, .... X5,) are features and y is the target,

w = (W, Wy, ....W,) are weights.

Coefficient
Constant 1 \
Wo
b Weighted
.\I \ Sum
w
1
\ Out
R — N —
Neurons(Inputs) S B
X1 A= Step Function
/—v M‘"

n

Figure 3.21. Presentation of a Perceptron in MLP

In this study, the parameters of MLP used are as follows: hidden_layer_sizes
1s 100, activation function is relu, solver is adam, batch_size is 200,
learning_rate_init is 0.001, max_iter is set to 200. hidden_layer_sizes represent the
number of neurons in the ith hidden layer; activation function determines how the
weighted sum of the input is transformed into an output from a node or nodes in a
layer of the network; solver is used for weight optimization; alpha is L2 penalty

(regularization term) parameter; batch_size gives the size of batches for stochastic
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optimizers; learning_rate_init controls the step-size in updating the weights; and
max_iter is the maximum number of iterations.

In Fig 3.21, a neuron of an MLP is represented. In the figure, w, represent
the bias unit. In the first step, inputs are fed into the neuron and multiplied by their
weights. Then the w, value and the weighted input values are added for feeding the
sum through the activation function. The result of activation function is the output
of the neuron. The same operations happen to other neurons get inputs and gather an
initial set of random weights. These are merged in weighted sum and the activation

function defines the output.

3.7.6 Random Forests (RF) Method

Random forest (RF) is one of the most popular and extensively used machine
learning algorithms given its magnificent performance across a large range of
classification and regression problems. Random forest is an ensemble machine
learning algorithm that fits many decision tree predictors on various sub-samples of
the dataset and gets averaging to enhance the predictive accuracy. In Fig. 3.22 the
random forest method is presented. In this study, the RF model has

n_estimators=100.
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Figure 3.22. Presentation of Random Forrest

3.7.7 Relative Strength Index Method

The relative strength index (RSI) is a financial technical indicator that
evaluates overbought-oversold signals. It determines the imbalances in the up and
down movements of a price and the normalization rate of these imbalances. Using
this determination process produces buy-sell signals for the researcher. The most
common strategy in the market is to buy when a 14-day period RSI falls below 30
and sell when it increases above 70 (Chen et al., 2021). Eq. 3.41 displays the formula
for the RSI. The upwardReturn parameter of the stock shows if the close price is
higher than the previous price. The downwardLost parameter of the stock shows if

the close price is lower than the previous price.

100
1+(upwardReturn/downwardLost)

RSI =100 —

(3.41)
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3.8 Proposed CNN-DBEMA Model

A CNN involves multi-dimensional layers and a set of kernels onto which
the convolution process is applied. The connection between the layers is the basic
difference between a CNN and a NN. In CNN architecture, a receptive area of the
input arrays is connected to only one neuron; in contrast, the flatter input arrays in
an NN. are fully connected to the neurons. Convolutional neural networks apply a
kernel on one-dimensional or multi-dimensional input to create a feature map that
discovers existing features in the input. In a convolution layer, the kernel moves on
every possible position in the input. Element-wise multiplication between the arrays
then is summed. After a convolution layer, outputs coming from this layer pass
through an activation function. Then max-pooling decreases every four neurons to a
unique one and adopts the highest value in subsampling from the activated outputs
field (Ngiam et al., 2010).

In this thesis, the trend of the closing price movement of stocks was
forecasted with our proposed CNN-DBEMA model. An illustration of the CNN-
DBEMA is given in Fig. 3.22. Our initial input image size is 75 x 24. Two
convolutional layers with sizes 32 x 75 x 24 and 32 x 35 x 10 are used. Two max-
pooling layers with sizes 32 x 71 x 20 and 64 x 33 x 8 are used separately and three
dropouts (0.3, 0.3, 0.3) are used to prevent overfitting. After that, layers are then
connected to two fully connected layers have 256, and 128 neurons.

In the first convolution layer, we use 32 kernels on a 75 X 24 image-like 2D
array with a size of 5 x 5 and a stride of 1. The activation function used at this layer
is ReLU. The output feature map size is 32 x 71 x 20. Next, a max-pooling layer
with a kernel size of 2 x 2 and a stride of 2 are used. The output feature map size is
32 x 35 x 10. The pooling layer does not change the number of channels. The second
convolution layer has 64, 3 X 3 filters and a stride of 1. The activation function is
also ReLLU. The output size is 64 x 33 x 8. Again, the max-pooling layer size is 2 x
2 with a stride of 2. Thus, the size of the output is reduced to 64 x 16 x 4. After this,

the CNN layers are fully connected with 128 neurons, which results in the output of
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4 class values with the activation function ReLLU. At the end of the system, the output
layer passes through a softmax function with 4 neurons. The softmax function turns
back the probability that an output belongs to a particular class. The details of our

model are presented in Table 3.9.

Fully Connected Layer

Flatten
nvolution s
c:en:lel = Sx: Convolution Drgg"“ Dropout
stride=1 Kernel =3x3 . 0s
5 Max Pooling stride=1 Max Pooling < Output
R Kernel =2x2 + Kernel =2x2 Dropout
elu stride =2 Relu stride=2 03 Q\
0\7‘ MO
- k
- - - - . | :
Input Feature Map ' Feature Map C)/:/. .
Inp
7SX28X1 Feature Map 32X35X10 64X16X4
32X71X20 Feature Map {
64X33X8

Figure 3.23Figure 3.23. CNN-DBEMA illustration.

Linear
Transformation

’—k—‘ ' | \ ’_17
Input = X Corvl=X*f | |Flat=sigmoid(Convl) ‘ Z=W".Flat + b‘ Output = sigmoid(Z)

Figure 3.24. CNN-DBEMA flow diagram.
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Table 3.9. Details of The Proposed Model

Layer Filter | Size | Strid | Output ActivationFuncti
e on
Input - - - 1x75x24
Conv 1 32 | 5x5 |1 32x71x RelLu
20
Max Pooling 1 2x2 |2 32 x 35 x
10
Conv 2 64 | 3x3 |1 64 x 33 x 8 RelLu
Max Pooling 2 2x2 |2 64 x 16 x 4
Flatten 1024
Fully connected layer | 256 256 RelLu
1
Fully connected layer | 128 128 ReLu
2
Output 4 Softmax

We applied a convolution operation to the CNN-DBEMA model as shown
in Fig. 3.24 and Eq. 3.42, where X is n*m input matrix X = {xn’xm,. . xnm,}, fis
defined as a filter/kernel, and w is defined as a randomly initialized weight matrix
W= {Wll’WZL..,WnL,...,an’}, m must be equal to the number of features or
inputs. B is defined as bias where B = {bl,bz,...,bn,}. In addition to taking the
convolutional and max-pooling layers through a sequence of the deep neural network

structure, Eq. 3.46 supplies details about the neural network. A softmax function

provides the output in Eq. 3.47.
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Table 3.10. The Features Used By Machine Learning Models
No Parameters LM NB KNN RF MLP | CN CNN-
N- DBEM
TA A
1 SMA +
2 EMA +
3 RSI + + + + + + +
4 MFI + + + + + +
5 ROC +
6 MFI_EMA 9 + + + + + +
7 RSI_EMA 9 + + + + + +
8 TR
9 ATR
10 DI+ + + + + + + +
11 DI- + + + + + +
12 DMI +
13 CMFI + + + + + +
14 TP
15 TRIX + + + + + +
16 MACD + + + + +
17 VAMA + + + + + +
18 PSAR +
19 TEMA +
20 PPO + + + + + + +
21 CMO + + + + + +
22 WMA +
23 HMA +
24 CCl + + + + + + +
25 WR + + + + + + +
26 RSI_MA 14 + + + + + +
27 MFI_MA_3 +
28 PPO_histo + + + + + +
29 PPO_signal + + + + + +
30 MACD_signal + + + + + +
31 ROC 9 + + + + + +
32 EMA9_EMAS50_dist + + + + + +
33 EMA9_EMA200_dist + + + + + +
34 | EMA50_EMA200_dist + + + + + +
35 | EMA9 EMAS50 dist_si + + + + + +
gn
36 | EMA9_EMA200_dist + + + + + +
sign
37 | EMA50 EMAZ200 dist + + + + + +
_sign
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SN =&X*K)0,)) X, En X(m,m)K(i —m,j —n) (3.42)
Convl =X x*f (3.43)
fO) =1 (3.44)
Flat = sigmoid(Convl) (3.45)
Z=WT.Flat+b (3.46)
y = softmax(Z) (3.47)
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4. RESULTS AND DISCUSSIONS

In this section, experimental results performed on CNN-DBEMA are given
in detail and the experimental results are discussed. We also discuss some issues
related to our proposed method CNN-DMEMA by comparing the experimental
results based on computational performance evaluation and financial evaluation. The
experiments were performed using an Intel Core i5-3470 CPU at 3.20 GHz and 16.0
GB RAM, with a NVIDIA GeForce GT 1030 graphics card to accelerate our entire
PC experience. The methods were implemented in Python programming language
using Tensorflow, OpenCV, Keras, Numpy, Theano, Sklearn libraries, as well as our
developed library, which we called FinancelLab. We compared the performance of
our proposed model with different categories of methods. These categories were
machine learning methods, financial methods, and one of the new CNN based model

called CNN-TA method.

4.1. Performance metrics for Evaluation of Classifiers

A confusion matrix is a measurement method for describing the performance
of a classification model. In confusion matrix, rows demonstrate the actual classes.
On the other hand, columns display the predicted classes. Our model’s confusion
matrix was applied to multi-class classification problem. As our problem is 4-classes
classification problem, the size of the confusion matrix is 4 x 4, and the numbers of
true classification cases are located on the diagonal of the matrix. The other values
in the confusion matrix show either false negatives or false positives. The confusion
matrix gives us prediction results and its inner operations for observing details
among the classes.

Confusion matrix allows us to compute sensitivity, specificity, precision,
accuracy, and fl-score metrics that are also used to compare performance of the

models.
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To reach a satisfactory result, models are compared these. Evaluation
metrics that symbolize the achievement of a proposed model and other
benchmarking models. An important part of the evaluation principle is their ability
to distinguish among model results. The terms true positive (TP), true negative (TN),
false positive (FP), and false negative (FN) from the confusion matrix are used for
the calculation of performance metrics. True Positive Rate (TPR) is also called
sensitivity, and False Positive Rate (FPR) is also called specificity. The evaluation
of accuracy, precision, recall, and F-measure (F1) is performed using TP, TN, FP,
and FN

In this study, the proposed model makes multiple class classification, hence
performance evaluation formulas consider all four classes, and these formulas are

described in Egs. (4.1)—(4.9):

YRS TP, = TPyg.cy + TPakrcy + TPacy + TPaqirc) 4.1
YIS FP; = FPygcy + FPyercy + FP3ucy + FParoy 4.2)

RGeS FN; = FNyg.cy + FNyercy + FNs(.cy + FNacirc) 4.3)
YRGH S TN; = TNyg.cy + TNy@rey + TNac) + TNacurc) (4.4)
Sensivity = ?:céassezs%ci(::;g;sses N 4.5)
Specificity = it (46)
Precision = S TR 4.7

ncClasses ncClasses
i=0 TPi"'Zi:o FP;
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Fl—score =2+ (Sensivity*Precision)

(4.8)

(Sensivity+Precision)

ncClasses ncClasses
Zi:o TPL'+ Zi:o TNL'

ncClasses nclasses ncClasses ncClasses
Zi: TP+ E =0 FPi"'Zi:o FNi+Zi=(] TN;
i=

Acc = 4.9

0

In the above equations, TP and TN are the numbers of correctly predicted
positive and negative samples, whereas FP and FN indicate the number of incorrectly
predicted positive and negative samples. The Acc is the ratio of the correctly
predicted values. F-score, also known as F-measure, is a harmonic mean of precision
and recall (a.k.a. sensitivity).

A ROC curve (receiver operating characteristic curve) is a figure
demonstration of the trade-off between a classifier's sensitivity and specificity that
is used for performance measurement. The ROC curve is generated by plotting the
sensitivity (TP rate) on the y-axis against 1—specificity (FP rate) on the x-axis for the
various tabulated values. The effective area is the top-left corner of the plot: FPs are
0 and TPs are 1. The higher the region under the curve (AUC), the better the model
usually is. This curve denotes a trade-off between Sensitivity and Specificity, and it

is valuable for realizing the overall accomplishment of the models.

4.2. Experimental Results of the Models and Their Comparison

In this section, the evaluation of the experimental results is presented. The
proposed CNN-DBEMA model was compared with methods selected from common
benchmarking machine-learning methods, deep learning methods, and financial
methods. According to the predictions of the methods, each stock was revealed to 4
different situations. In the first case, the sample data was labeled 1, and the stock
was bought at the short exponential moving average (EMA9), cutting the long

exponential moving average (EMA200) upwards with the desired amount of the
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currently available capital over a predefined period (earning class). In the second
case, the sample data was labeled 2, and the currently available capital was held,
even if the short exponential moving average cut the long average upwards over a
predefined period. Such a case is named an earning trap condition. In the third case,
sample data was labeled 3, and the stock was sold at the short exponential moving
average, cutting the long exponential moving average downwards. If the stock is
held at this point, more money will be lost (losing class). In the last case, sample data
was labeled 4, and the stock was held even if the short exponential moving average
cut the long average downwards. Such a case is named a losing trap condition.

A novel proposed model was devised under specific conditions so that the
model would be modifiable with tunable variables. Our model assumed a certain
return acceptance and a loss acceptance in a predefined time frame. For the
experimental analysis, we set system variables as at least a 10% return in 60 working
days for the earn classes pattern and at least a 10% loss in 30 working days for the
loss classes pattern. Our novel system is limited to these flexible variables.

The benchmark models and proposed model comparison results are
exhibited in Table 4.1, Table 4.2, and Table 4.3. The financial time series trend
forecasting tests were done by using the three representation of the dataset for the
benchmarking machine learning models, and the ROC curves of the models are as
shown in Fig. 4.1. Depending on Fig 3.4, we used data obtained from 75 days periods
as input for CNN-DBEMA and CNN-TA. For other methods, three different data
representations were applied: i) only the last day (crossover point) of the 75 days
period ; ii) the average of each feature for the 75 days period; and iii) all data for the
75 days period in the 2D array are converted to a vector by concatenation of each
row of the array.

Table 4.1 presents the performance of prediction accuracy of our proposed
model versus the benchmarking models, which included crossover points (last day)
of data. In terms of prediction accuracy, our proposed CNN-DBEMA model

accomplished the second-highest score among the benchmarking models. Even
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though the CNN-DBEMA obtained the second-highest accuracy score, the novel
proposed model (CNN-DBEMA) reached better sensitivity and specificity scores.
However, the scores were very close to each other. For the purpose of checking the
accuracy of the evaluation of the proposed CNN-DBEMA model, the second type of
dataset was used that included the average values of the last 75 days of stocks.

Table 4.2 shows the performance of the proposed model versus the
benchmarking models for the average values of the last 75 days of stocks. A third
approach to validating the accuracy of our proposed model versus the benchmarking
models containing all of the data points of the input matrices. Fig.4.1 denotes other
performance determination metrics, involving sensitivity, specificity, F-score, and
precision, that can evaluate how well models can label each data instance between
different classes. In Table 4.2, it is obvious that the CNN-DBEMA model can reach
the best forecasting performance. It is obvious that the predictive ability of the RSI
model alone is very weak. RSI is a technical indicator, and it is only this indicator
that does not make any sense on its own.

Class-based ROC examinations are presented in Fig. 4.1 and Fig. 4.2. In this
comparison, the CNN-DBEMA predicted the earning class better than other
methods. The prediction of both earn and loss trap classes are more difficult to
predict the earn and loss classes. Comparing the overall performance of the methods,
we observed that, the random forest and multi-layer perceptron methods had very

similar results, as seen in Table 4.3. But the CNN-DBEMA model had better results.
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Table 4.1. Performance Evaluation of Proposed Model (CNN-DBEMA) versus.
Benchmarking Methods with Cross-Over (Last Day) Points of Data with

DBEMA features.
No Method Name Acc_Scr | Se (%) | Sp (%) F1-score | Precisio
(%) (%) n(%)

1 Relative Strenght Index(RSI) | 31.78% -- - - --

2 Lineer Regression (LR) 36.58% | 37.14% | 77.42% 40.49% 45.61%
3 Bagged Trees 41.87% | 42.12% | 80.16% 46.53% 51.98%

Regressor(BAG)
4 CNN-TA 43.95% | 36.95% | 80.69% 39.05% 41.71%
5 | Gaussian Naive Bayes (NB) | 51.98% | 49.65% | 83.74% 49.65% 49.73%
6 | K-Nearest Neighbors (KNN) | 52.61% | 49.58% | 83.82% 49.97% 50.36%
7 Random Forests (RF) 53.80% | 52.60% | 84.49% 53.86% 55.20%
8 CNN-DBEMA 57.28% | 57.43% | 87.04% 56.53% 55.67%
9 Multi-Layer Perceptron 57.42% | 57.29% | 86.17% 57.63% 57.97%
(MLP)
10 Average (%) 47.47% | 47.84% | 82.94% 49.18% 51.02%

Table 4.2. Performance Evaluation of Proposed Model (CNN-DBEMA) versus
Benchmarking Methods with Average of 75 Days Points of Data with

DBEMA features.
No Method Name Acc_Scr | Se (%) | Sp (%) F1- Precisi
(%) score(%) on(%)
1 Relative Strenght Index 31.78% -- -- -- --
(RSI)
2 Lineer Regression (LR) 31.64% | 31.60% | 77.38% 33.79% 35.57%
3 Bagged Trees 34.40% | 34.46% | 76.24% 36.83% 39.57%
Regressor(BAG)
4 K-Nearest Neighbors 41.17% | 39.15% | 76.83% 40.09% 40.15%
(KNN)
5 | Gaussian Naive Bayes (NB) | 41.17% | 39.88% | 79.21% 39.45% 39.53%
6 CNN-TA 43.95% 36.9% | 80.6% 39.05% 41.71%
7 Multi-Layer Perceptron 4420% | 41.74% | 79.95% 41.76% 42.99%
(MLP)
8 Random Forests (RF) 45.14% | 42.01% | 78.42% 43.55% 45.22%
9 CNN-DBEMA 57.28% 57.43 87.04 56.53% 55.67
% % %
10 Average (%) 41.19% | 40.02% | 79.45% 41.19% 42.55%
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Table 4.3. Performance Evaluation of Proposed Model (CNN-DBEMA) versus
Benchmarking Methods with All of 75 Days Points of Data with

DBEMA features.
No Method Name Acc_Scr | Se (%) Sp (%) | Fl-score | Precision
(%) (%) (%)
1 Relative Strenght Index (RSI) 31.78% -- - - -
2 Lineer Regression (LR) 40.62 % | 40.87% 80.42% | 42.17% 43.55%
3 | Bagged Trees Regressor(BAG) | 42.96% | 43.24% | 81.13% | 50.28% 46.97%
4 K-Nearest Neighbors (KNN) 43.95% | 36.92% | 80.61% | 39.05% 41.71%
5 Gaussian Naive Bayes (NB) 48.64% | 46.12% | 82.71% | 46.09% 46.06%
6 CNN-TA 48.87% | 4517% | 82.46% | 45.43% 45.69%
7 Multi-Layer Perceptron (MLP) | 50.51% | 4691% | 83.05% | 47.35% 47.81%
8 Random Forests (RF) 55.72% | 51.60% | 84.58% | 53.02% 54.53%
9 CNN-DBEMA 57.28% | 5743% | 87.04% | 56.53% 55.67%
10 Average (%) 46.70% | 45.65% | 82.75% | 47.30% 47.74%

Table 4.1, Table 4.2, and Table 4.3 includes performance evaluation of the
models compared by using the datasets with DBEMA features. The next step of our
study is to compare the models using datasets without DBEMA features for revealing
the importance of DBEMA features. Table 4.4, Table 4.5, and Table 4.6 present the
experimental results of the models when datasets without DBEMA features are used
for training and testing the models. As it can be easily seen from Table 4.4, 4.5, and
4.6 predictive performance of the models reduce significantly when DBEMA
features are not used. DBEMA features significantly change the performance of the
benchmark models especially our proposed model. Table 4.8 denotes performance
of prediction accuracy of our proposed model. The accuracy score increases from
48.29% to 57.28% with the inclusion of the DBEMA features. This remarkable rise
demonstrates significance of DBEMA feature and CNN-DBEMA.
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Table 4.4. Performance Evaluation of Proposed Model (CNN-DBEMA) versus
Benchmarking Methods with Cross-Over (Last Day) Points of Data

without DBEMA features.
No Method Name Acc_Scr | Se (%) | Sp (%) F-score Precisio
(o/o) (o/o) n(%)
1 Relative Strenght Index(RSI) | 31.78% - - -- -
2 Lineer Regression (LR) 35.95% | 36.84% | 78.86% 41.77% 46.42%
3 Bagged Trees 39.07% | 39.05% | 79.79% 43.76% 49.78%
Regressor(BAG)
4 CNN-TA 43.95% | 36.95% | 80.69% 39.05% 41.71%
5 | K-Nearest Neighbors (KNN) 48.09% | 44.72% | 82.16% 44.98% 45.26%
6 CNN-DBEMA 48.29% | 40.98% | 81.67% 42.65% 44.48%
7 | Gaussian Naive Bayes (NB) | 51.36% | 49.12% | 83.53% 49.20% 49.30%
8 Random Forests (RF) 52.45% | 48.88% | 83.60% 53.86% 49.98%
9 Multi-Layer Perceptron 52.76% | 50.23% | 83.90% 50.50% 50.77%
(MLP)
10 Average (%) 44.85% | 43.34% | 81.77% 45.72% 47.21%

Table 4.5. Performance Evaluation of Proposed Model (CNN-DBEMA) versus
Benchmarking Methods with All of 75 days points of Data without

DBEMA features.
No Method Name Acc_Scr | Se (%) | Sp (%) F-score Precisio
(%) (%) n(%)
1 Relative Strenght Index(RSI) | 31.78% -- - -- --
2 Lineer Regression (LR) 35.88% | 35.19% | 78.73% 36.79% 38.55%
3 Bagged Trees 39.92% | 39.71% | 80.03% 43.20% 47.38%
Regressor(BAG)
4 CNN-TA 43.95% | 36.95% | 80.69% 39.05% 41.71%
5 | K-Nearest Neighbors (KNN) 47.70% | 43.21% | 81.91% 43.04% 42.88%
6 CNN-DBEMA 48.29% | 40.98% | 81.67% 42.65% 44.48%
7 Multi-Layer Perceptron 50.51% | 48.04% | 83.20% 48.07% 48.11%
(MLP)
8 | Gaussian Naive Bayes (NB) | 50.89% | 47.53% | 83.30% 47.58% 47.63%
9 Random Forests (RF) 54.71% | 50.22% | 84.47% 51.19% 52.21%
10 Average (%) 44.84% | 42.72% | 81.75% 43.94% 45.36%
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Table 4.6. Performance Evaluation of Proposed Model (CNN-DBEMA) versus
Benchmarking Methods with Average Points of Data without DBEMA

features.

No Method Name Acc_Scr | Se (%) | Sp (%) F-score Precisio
(%) (%) n(%)

1 Bagged Trees 25.45% | 24.34% | 75.05% 46.53% 31.99%

Regressor(BAG)
2 | K-Nearest Neighbors (KNN) | 28.33% | 23.63% | 75.33% 24.17% 24.75%
3 Lineer Regression (LR) 29.03% | 27.43% | 76.20% 31.39% 38.21%
4 | Relative Strenght Index(RSI) | 31.78% -- - - --

5 Random Forests (RF) 34.79% | 29.64% | 77.29% 28.26% 27.01%

6 | Gaussian Naive Bayes (NB) 36.19% | 32.64% | 78.25% 32.65% 32.67%

7 Multi-Layer Perceptron 37.43% | 32.93% | 78.38% 31.99% 31.12%

(MLP)

8 CNN-TA 43.95% | 36.95% | 80.69% 39.05% 41.71%

6 CNN-DBEMA 48.29% | 40.98% | 81.67% 42.65% 44.48%

10 Average (%) 35.02% | 31.07% | 77.86% 34.59% 33.99%

Table 4.7. Effect of DBEMA Features on Benchmark Models
No Metric With Without Effect of Data
DBEMA DBEMA DBEMA Type
1 Average Accuracy 47.47% 44.85% +2.62 % Crossover

Point

2 Average Accuracy 41.19% 35.02% +6.17 % Average
Point

3 Average Accuracy 46.70% 44.84% +1.86 % All Point

Table 4.8. Effect of DBEMA Features on Proposed Model (CNN-DBEMA)

No Metric With DBEMA Without Effect of DBEMA
DBEMA
1 | Accuracy 57.28% 48.29% +8.99 %
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Earning Class -[ra 41 45 23
Earning Trap Class - 81 13 39 18
True Label
Losing Class - 51 14 294 61
Losing Trap Class - 29 14 131 52

Predicted Label
Figure 4.3. Confusion matrix for CNN model with DBEMA

Eaming Class - 21 18 0
Eaming Trap Class -§ 50 17 0
True Label
Losing Class | 160 25 216 19
Losing Trap Class -/ 129 13 78 6

Predicted Label

Figure 4.4. Confusion matrix for CNN model without DBEMA

Consequently, there are limited number of CNN-based applications on
financial time series prediction in literature. The performance of our proposed model

was compared with similar algorithms implemented in the following studies.
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e (Hoseinzade and Haratizadeh 2019) have proposed 2D-CNN-based
framework to predict next day value of five different index which are
NASDAQ Composite, S&P 500 index, NYSE Composite, Dow Jones
Industrial Average and, RUSSELL 2000 with F-Measure metric. The
average F-Measure scores are 49,44%, 49.14%, 48.85%, 49.75%, and
50.02% respectively.

e  (Tekin and Canakoglu 2018) were examined 25 Bist companies and LR,
MLP, RF, NB, and SVM models were used to predict next day daily
return rate with using previous 20 days return values. Three different
datasets were used. The average accuracy score is 55.62%.

e (Giindiiz et al. 2018) forecasted the direction movement of the nine
banking stocks in Bist using LSTM. The Naive and Random methods
were compared with LSTM. The hourly data was used. The
experimental result was evaluated by the macro averaged F-Score. The
F-Score rate is 54.0%.

e  (Chen et al. 2021) designed a novel method that is CNN-based graph
convolutional feature for trend prediction of stocks using both stock
market information and correlation between individual stock
information. Six Chinese stocks are used to present the performance of
the GC—CNN based model. The best accuracy score is 53.37% and
average annual return is 33.42%.

e (Sezer and Ozbayoglu 2018) proposed a novel method CNN-TA to
predict daily stock price. The new model used 2D imaged-like data and
each image was created using 15 different financial technical indicators
and 15 days period. The system was trained on CNN model and each
imaged-like data was labeled as Sell, Buy, and Hold. The experimental
results show that prediction accuracy of Dow-30 is 58% and maximum

annual return is 31.64% with AXP stock.
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e  (Gunduz et al. 2017) have designed a CNN model with organized
features to predict the hourly intraday movement of Bist 100 stock. The
proposed model was compared randomly ordered CNN and Logistic
Regression. The proposed CNN model outperforms better prediction
result. The proposed CNN had 0.563 F-score rate with the reordered

attributes.

When we compare our proposed method with similar studies in literature, it
is understood that our proposed methods has better accuracy score. (Gunduz et al.
2017) have purposed a CNN model with organized features has achieved very close
results. There are limited studies that show the financial results. We compare our
proposed model’s financial results with (Sezer and Ozbayoglu 2018)’s study, it is

understood that our proposed model get better financial success.

4.3. Financial performance evaluation of CNN-DBEMA

In this section, the financial performance of the proposed CNN-DBEMA
model was evaluated, and the system adopted stocks daily from the BIST. The
prediction strategy for our proposed model is indicated in Algorithm 3, Fig. 4.5, and
described in detail in section 3.3. The BIST data covered from June 1, 1998, to March
31, 2021, for a total of 5672 trading days. BIST stock data from June 1, 1998, to July
24,2017, was used for training, and the data from July 24, 2017, to March 31, 2021,
was used for testing procedures. At this point, the proposed algorithmic trading
model evaluated the transactions, which were formed in an alert system list. Every
day, the system checked the relationship between the EMA9 and EMA200. If any of
the scanned stock's EMA9 values crossed over the EMA200 value, the system
generated the stock's name and date in the alert system list. Using this approach,
stocks were saved in the alert list displayed in Table 4.9. By monitoring the alert
system list, the system created investment transactions for the adopted stock. If there

was
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Table 4.9. Demonstration of Alert System (First Ten Records)

No Alert Date Stock Code
1 26.07.2017 KONYA
2 28.07.2017 NTHOL
3 31.07.2017 AKCNS
4 11.08.2017 KENT
5 23.08.2017 BRISA
6 24.08.2017 GOLTS
7 11.09.2017 METUR
8 13.09.2017 OYAKC
9 14.09.2017 CIMSA
10 15.09.2017 KENT

Table 4.10. Turkish National Bank Interest Rates (Annual)
Interest Average | Years Capital Amount

No | Date
Rate(IR) -IR(%) Order
25-01-2017 - - - 100 TL
25-01-2017 7,25 7,25 1.Year 107.25T
01-06-2018 15,00
08-06-2018 6,25 19,06 | 2.Year 127.69 TL

14-09-2018 2,50
21-09-2018 22,50
26-07-2019 18,25
13-09-2019 15,00 4,06 3.Year 145.65 TL
25-10-2019 12,50
13-12-2019 10,50
17-01-2020 9,75
20-02-2020 9,25
18-03-2020 8,25
23-04-2020 7,25
22-05-2020 6,75 0,28 4. Year 160.62 TL
25-09-2020 8,75
20-11-2020 13,50
27-11-2020 13,50
25-12-2020 15,50
19-03-2021 17,50
24-09-2021 16,50
22-10-2021 14,50 4,90 5.Year 84.55
21 TL

22 | 19-11-2021 13,50

N N R EIRIEARIE T RS

More than one stock on the alert system list on the same day, the system

selected the stock with the highest prediction score. The other control mechanism
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started to check the prediction score. If the prediction score is more than the threshold
probability score, the system bought the stock and a holding phase was triggered. If
the price of the selected stock jumped over the threshold return ratio (10%), the
system would sell the stock and close the transaction. Then the system would check
the alert system list again, after the previous stock's closed transaction date. If the
selected stock did not pass the threshold return ratio amount, the system would sell
the stock at the end of the transaction waiting time. The waiting time was defined as
60 days, as explained in section 3.3. The pseudocode of the financial method is
expressed in Algorithm 3.

The financial assessment process is denoted in Table 4.11, where we started
our investment with 100 TL capital on the date 04-10-2017 and invested in stock
BRYAT for 57 days. On 30.11.2017 system sold the BRYAT stocks and increased
capital to 110 TL. Our system gave a buy signal on 01.12.2017 for BRYAT stock
again, we invested in that stock with 110 TL capital. 13 days later, our system reach
the sell signal ratio and sold automatically BRY AT stocks, then our capital increased
to 121 TL. As shown in Table 4.11, at the end of the financial evaluation, on day
08.11.2019 our proposed model increased the capital from 100 TL to 1003 TL
(within two years). To compare the proposed CNN-DBEMA model with the Turkish
Republic National Bank interest ratio (annual), Table 4.10 denotes what happens
when we preferred bank interest rates for investment. In a five-year period, 100 TL
of capital was raised to 184 TL with respect to National Bank interest rates. When
Table 4.10 and Table 4.11 are compared, it can be seen that the proposed model
(CNN-DBEMA) demonstrated superior financial performance.
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Algorithm 3: Decide to invest capital on stock

Set with_in_day to 60

Set Earn_ratio to 10

Set Accuracy to 0.75

Set Control to False

Set Alert_system_list to []
Set Feature_list to []

Set Call_back_days to 75
Set Alert_date

Set Enter_transaction to False
SetEarnto 0

Set Earn_Ratio to 10

Set End_day

[/ Max 60 days later

/{ Min %10 profit

/[ Prediction success of threshold
// Limit of end date

/[ Alert for invest to stock list

[/ stock feature list

[/ Evaluate stock last 75 days

[/ Alert day of stock

[/ Decide to invest parameter

[/ Earn class label

// Threshold of Earn Ratio

[/ 5et End day for control transactions

1. WHILE Control:

2 IF lenght{Alert_system_list) » 0

3. alert_date to Alert_system_list["Index"] and capital to 100

4. FOR stock_i to Call Alert_system_list(Start_date):

5 Call load_stock_datas(stock_i ):

6. stock_i = stock_data[Feature_list] between alert_date-Call_back_days and alert_date
7 Call MinMaxScaler_Function(stock_i) to img

8. Call model.predict(img) to Model_array_result

9. FOR index=0 to Call range(0,lenght(Model_array_result)):

10. IF Model_array_result["Index"] THEN

11. ADD to Alert_result

12 FOR index =0 to Call range(0,lenght{Alert_result)):

13. IF Alert_result["class"] ["Index"] = Earn and Alert_result["Score"] ["Index"] > Accuracy THEN
14. enter_transaction = True

15. IF enter_transaction:

16. CALL get_highest_prediction_score(Alert_result) to selected_stock

17. IF lenght(Alert_result) >0 THEN

18. CALL load_stock_datas(selected_stock ):

19. CALL update(index):

20. CALL load_return_ratio (selected_stock ) to earn_ratio

21. IF earn_ratio > Earn_Ratio THEN

22. capital €= ( capital + capital* Earn_Ratio)

23, Index € CALL next( Index) and alert_date €= Alert_system_list["Index"]
24, ELSE

25, Index € CALL next( Index) and alert_date € Alert_system_list["Index"]
26. capital € CALL next_Index_Value(capital)

27. IF  alert_date > End_day THEN

28. Control €= False

29, ELSE

30. Control €= True and CALL update(Alert_system_list["Index"])

31 ELSE

32 Control € True and CALL update(Alert_system_list["Index"])

33 ELSE

34, Control 4= False
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Table 4. 11. Financial Performance Evaluation of The Proposed Method CNN-

Dbema
No | Start Date End Date Latency Predicted Result Capital
Stock
0 04.10.2017 -- -- -- -- 100 TL
1 04.10.2017 30.11.2017 57 Days BRYAT Successful | 110 TL
2 01.12.2017 14.12.2017 13 Days BRYAT Successful | 121 TL
3 15.12.2017 10.01.2018 26 Days BRISA Successful | 133 TL
4 18.01.2018 24.01.2018 6 Days PEGYO Successful | 146 TL
5 29.01.2018 21.02.2018 23 Days 0zZGYO Successful | 161 TL
6 25.04.2018 25.06.2018 60 Days EGPRO Failed 160 TL
7 27.06.2018 02.07.2018 5 Days KRDMB Successful | 176 TL
8 06.07.2018 19.07.2018 13 Days EGEEN Successful | 194 TL
9 23.07.2018 24.07.2018 2 Days DERIM Successful | 213 TL
10 | 25.07.2018 14.08.2018 20 Days KARTN Successful | 234 TL
11 | 27.08.2018 31.08.2018 4 Days TIRE Successful | 258 TL
12 | 07.09.2018 20.09.2018 13 Days KCHOL Successful | 284 TL
13 | 12.10.2018 11.12.2018 60 Days DERIM Failed 264 TL
14 | 13.12.2018 11.02.2019 60 Days ATEKS Failed 264 TL
15 | 15.02.2019 18.02.2019 3 Days AVGYO Successful | 290 TL
16 | 26.02.2019 27.02.2019 2 Days VESTL Successful | 319 TL

17 | 01.03.2019 18.03.2019 17 Days BRSAN Successful | 351 TL
18 | 20.03.2019 30.04.2019 41 Days VAKKO Successful | 386 TL

19 | 03.05.2019 07.05.2019 4 Days DGGYO Successful | 425 TL
20 | 21.05.2019 28.05.2019 7 Days BANVT Successful | 467 TL
21 | 30.05.2019 18.06.2019 19 Days FROTO Successful | 514 TL
22 | 19.06.2019 21.06.2019 2 Days SONME Successful | 566 TL
23 | 24.06.2019 15.08.2019 51 Days SNPAM Successful | 622 TL
24 | 16.08.2019 23.08.2019 7 Days PEGYO Successful | 685 TL
25 | 29.08.2019 05.09.2019 7 Days ADEL Successful | 753 TL
26 | 06.09.2019 09.09.2019 3 Days PNSUT Successful | 829 TL

27 | 10.09.2019 30.09.2019 20 Days KRSTL Successful | 912 TL
Successful | 1003
28 | 10.10.2019 08.11.2019 29 Days ICBCT TL
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S. CONCLUSIONS

In this thesis, we proposed to design a novel CNN-DBEMA method for time
series prediction especially financial time series by considering both the new concept
of DBEMA and technical indicators. In the literature, mostly three types of
classification have been used, buy, sell and hold (Namir et al., 2022; Brabazon et al.,
2020). The novel proposed DBEMA method was devised to predict four classes—
earning class (EC), earning trap class (ETC), losing class (LC), and losing trap class
(LTC)—using a CNN. The most important innovation in this study is the discovery
that the distances between the exponential moving averages produce predictions for
financial time series. At the same time, these new distance-based features can be
applied as new parameters in other models and will increase the success of
estimation.

For increasing the efficiency of the system, a hybrid system has been
proposed. The most suitable technical indicators were determined with the two
wrapper based feature selection methods. The first wrapper method for adopting
suitable feature subsets was the recursive feature elimination (RFE) algorithm using
classification and regression tree (CART) and the second method was the sequential
feature selection (SFS) algorithm using gradient boosting algorithm (GBM) to
regularize classification penalty. The reason for selecting wrapper algorithms is to
achieve more accurate results and adopting GBM and SFS is to be more suitable for
regression and classification problems. Then, the combination of the selected
technical indicators and the proposed DBEMA features are sent to CNN to determine
class label.

Most of the CNN based studies in the literature were performed for computer
vision and image processing (Karpathy, 2014). Recently, image-based financial
series prediction has become a significant issue. In our study, we created 6425
images with 18 technical indicators and 6 DBEMA parameters using the end-of-day

values of 118 stocks in the BIST from 1998 to 2021. Experimental results were
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obtained for 80% of the dataset as a training set, which involved data from 1998 to
2017, and 20% of the dataset as a testing set, which contained data from 2017 to
2021. Each image involved data for 75 working days of stock. The length of the
period was determined based on our experimental results.

In the comparison phase, we selected well-known benchmarking methods,
including regression models, financial methods, classification models such as linear
regressions (LR), random forests (RF), multi-layer perceptron (MLP), bagged trees
regressors (BAG), a novel CNN-TA, and the relative strength index method (RSI).
The CNN-DBEMA model got the highest accuracy score among the selected
benchmarking methods. The CNN-DBEMA model outperformed the best machine-
learning method, with an accuracy score of 57.28%, as seen in Table 4.2 and Table
4.3. Financial evaluation of the proposed model also proved the success of the CNN-
DBEMA model. CNN has an advantage in terms of data integrity when used in
financial time series. In other models, there is a challenge to use the data as average,
endpoint (cross-over), or all points. In this respect, we tried to prove to the
researchers that time-series estimation with CNN is more efficient.

Though the prediction capability of machine-learning methodologies in

flexible-market prediction was established, it still has room for improvement.
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