
 

 

 

Abstract— Stocks are an important type of investment that is 

affected by the economic crisis. For this reason, forecasting the 

direction of stocks is a significant for investors, analysts, and 

researchers. In this study, we propose to predict the direction of 

stocks in Turkish stock market (BIST100) by employing Turkish 

texts such as social media platforms. For this purpose, different 

deep learning methodologies such as Convolutional Neural 

Networks (CNNs), Recurrent Neural Networks (RNNs), Long 

Short Term Memory Networks (LSTMs) and a new generation 

natural language processing model, namely Bidirectional Encoder 

Representations from Transformers (BERT) are employed for 

classification task. To the best of our knowledge, this is the first 

study for analyzing the direction of stocks by using both CNN, 

RNN, LSTM, BERT and texts from social media platforms. 

Experimental results represent that the utilization of deep learning 

models and a new generation word embedding model which is 

called BERT boosts the classification performance. In conclusion, 

using deep learning algorithms and a new generation of natural 

language processing model provide a valuable contribution to 

investors presents 96.26% of accuracy performance by predicting 

direction of stocks. 
 

Keywords— BERT, deep learning, financial sentiment analysis, 

stock prediction, text classification. 

I. INTRODUCTION 

 The economic crises in the world directs the stock 

markets. With the development of internet and mobile 

technology, investors are able to predict the direction of 

investment on many social media platforms shared comments. 

Recently, user opinions on stocks, news releases on financial 

sites, and technical analysis have become an important source 

for obtaining detailed information about the directions in the 

stock market [1]. Twitter (https://twitter.com) is the most 

popular social networking service known to share information 

as it is and connect with others in real time with nearly 350 

million active users [2]-[3]. Social media platforms like Twitter 

allow investors to understand the investor experience, share 

news, and investor sentiment. 

 In recent years, deep learning algorithms have been very 

popular in different research areas such as image/video 

processing, natural language processing, pattern recognition. 
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The reason behind of to be preferred these models is that 

generating better predictions compared to the conventional 

machine learning algorithms. Deep learning models are mainly 

used to provide automatic feature extraction by training 

complex features with minimal external support to ensure 

meaningful representation of data through deep neural 

networks. In addition, deep learning methods such as 

convolutional neural networks (CNNs), recurrent neural 

networks (RNNs), long-term memory networks (LSTMs) [4], 

the next generation natural language processing (NLP) model 

Bidirectional Encoder Representations from Transformers 

(BERT) [5] are used in classification tasks in many areas. 

 In this study, we propose to estimate the direction of 

stocks by analyzing individual and organizational user 

comments including announcements, financial technical 

analysis as a valuable resource for the investors. For this 

purpose, Turkish texts are gathered from Twitter by employing 

web-crawler. After getting textual data, various pre-processing 

techniques are implemented to remove the influence of dirty 

data. User comments, news releases, and technical analyzes are 

classified as negative, or positive by using deep learning models 

(CNN, RNN, LSTM) and a new generation word embedding 

model (BERT). To our knowledge, this is the very first attempt 

to predict the direction of stock market by employing both deep 

learning models and a new generation word embedding model. 

In order to demonstrate the contribution of our study, we used 

Turkish texts aforementioned in our experiments. Experiment 

results show that the inclusion of deep learning models and 

BERT improves the classification success of system. 

 The rest of the article is organized as follows: Section 2 

provides a summary of the studies on stock market forecasting. 

Section 3 presents materials and methods used in the 

experiments. Experimental results and conclusions are given in 

Section 4 and Section 5. 

II. RELATED WORK 

 In this section, a brief summary of the literature review of the 

studies focused on the stock exchange forecast is presented.  

In [6], it is shown that artificial neural network models can be 

used to give direction to investors by giving information about 

stocks in IMKB. In [6], it is shown that artificial neural network 

models can be used to give direction to investors by giving 

information about stocks in Istanbul Stock Exchange (IMKB). 

In another study [7], stacked auto coders used a deep learning 

structure to predict the direction of stock prices traded on the 

USA Nasdaq Stock Exchange. The performance of the model is 
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evaluated with accuracy, and F-criterion and the proposed 

model presents the best performance with the Deep 

Convolutional Neural Networks (DVM) method. Chen et. al [8] 

estimate stock returns using historical stock data in China stock 

exchange with the LSTM model. Compared with the random 

estimation method, the LSTM model is more successful in 

estimating stock returns. Gündüz et. al [9] propose to forecast 

the status of the stocks in BIST100 by employing Evolutionary 

Neural Network (ESA). The classification performance 

obtained by ESA was higher than that obtained by chi-square 

attribute selection and logistic regression classifier. 

In another study [10], successful results are obtained by 

applying deep learning methods to the stock market forecasting 

problem. In [11], the accuracy rate of the estimation was 

94.21% using LSTM deep learning method in Turkish texts. In 

[12], ARIMA, machine learning algorithms, and LSTM as a 

deep learning technique are applied to BIST30 stock prices by 

examining the data of 30 leading companies of Borsa Istanbul. 

As a result of computational analysis, it is observed that 

ARIMA performs better than LSTM. Additionally, linear 

regression outperforms compared to the other machine learning 

techniques. In [13], the data of 25 leading companies of 

BIST100 are analyzed and several prediction algorithms are 

implemented. As a result, it is observed that Random Forest 

algorithm exhibits the best classification results with 57.37% of 

accuracy. In [14], the daily movement direction of the three 

stocks (GARAN, THYAO and ISCTR) which are frequently 

traded on BIST100 was estimated using deep neural networks. 

To perform the estimation process, the type of the deep neural 

network (Convolutional Neural Network) was trained and 

grading performance was evaluated with accuracy and 

F-measurement criteria. In the experiments, the movement 

directions of GARAN, THYAO and ISCTR stocks were 

estimated with an accuracy ratio of 0.61, 0.578, and 0.574, 

respectively. 

Our study differs in the literature studies mentioned above in 

that it uses textual data from social media platform. 

Furthermore, another novelty is that the usage of BERT as a new 

generation word embedding model in addition to CNN, RNN, 

LSTM as deep learning models to estimate the direction of 

stocks. In contrast to literature research, we propose to provide a 

valuable resource to guide investors' forecasting of stock quotes 

using new generation models. 

III. PROPOSED MODEL 

A summary of the methods, materials, and proposed 

framework are presented in this section.  

A. Data Collection 

In this study, in order to estimate the direction of the Turkish 

Stock Exchange, the movements of the bank stock whose 

transaction volume is enormous in BIST100 are examined. For 

this purpose, we estimate the direction of the stocks of Akbank, 

Albaraka, Garanti, Halkbank, İş Bankası, Türkiye Sınai 

Kalkınma Bankası, Vakıfbank and Yapıkredi by analyzing user 

comments from Twitter. Turkish user comments from Twitter 

are collected with the label of each share using abbreviations of 

stocks. These are AKBNK, ALBRK, GARAN, HALKB, 

ISCTR, SKBNK, TSKB, VAKBN, YKBNK. Selenium 

browser [15] is used to gather user comments from Twitter 

environment. This allows us to collect as many tweets as we like 

without worrying about the limit issue allowed by the Twitter 

API. A total of 117,136 user reviews are collected between 1 

September 2018 and 1 September 2019 with the labels 

“AKBNK”, “ALBRK”, “GARAN”, “HALKB”, “ISCTR”, 

“SKBNK”, “TSKB”, “VAKBN”, “YKBNK”. 

B. Deep Learning Algorithms 

In this study, we first use three commonly used deep learning 

algorithms such as Convolutional Neural Networks (CNNs), 

Recurrent Neural Networks (RNNs) and Long Short Term 

Memory Networks (LSTM). 

 

 CNN 

Convolutional neural networks (CNNs) are a kind of 

multilayered sensor (MLP). The use of the CNN structure has 

advantages such as [16] - [17]: 

- Layers deepen more than normal. 

- Improves calculation performance of system by using 

activation functions such as ReLU, dropout, and 

batch normalization. 

- Connections between the network layers increase 

with the discovery of backpropagation algorithm. 

 

 RNN 

Recurrent neural network (RNN) is a type of neural network 

in which the output from the previous step is fed as input to the 

current stage. RNN is recommended because of the need to 

remember words. This problem is solved with the help of hidden 

layers [4] - [18] - [19]. The most important feature of RNN is the 

secret state that remembers some information about a sequence. 

RNN has a “memory” that remembers all the information about 

the calculated. RNN, unlike other neural networks, reduces the 

complexity of the parameters. Performs the same task on all 

inputs or hidden layers to produce the output. Using the same 

parameters for each input reduces the complexity of the 

parameters. 

 LSTM 

Long Short Term Memory networks (LSTM) are a special 

type of RNN that can learn long term dependencies. The starting 

point is to provide a solution to the exponential error growth 

problem using the back propagation algorithm while training 

deep neural networks. The main reason for this problem is that 

the values generated by the activation function are constantly in 

the range of -1, 1, so that these values are given to the back 

propagation algorithm and multiplied by zero. LSTM, which is 

developed to avoid the problem of activation function and to 

better design complex structures with learning algorithms, gives 

good results in the problems that long-term dependencies and 

long-term information should be remembered [4] - [20]. 

 

C. Deep Contextualized Word Representation Model 

Word embedding is the matching of real numbers to vectors 
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using neural network, probabilistic model, or size reduction on 

the co-existence matrix of words. Word embedding is also 

known as language modeling, and feature learning technique. 

Word embedding is also called in different ways such as 

distributed semantic model, distributed representation, semantic 

vector space, or vector space model. For example, currencies 

such as “dollar”, “euro”, and “pound” are placed in close 

proximity in terms of their semantics, but the word “monkey” 

will be located far from these words in word vector.  In a 

broader sense, the currency vector that will be located away 

from the vector representation of the monkeys is constructed by 

using word embedding model. 

 
Fig. 1. The architecture of BERT model. 

 

Bidirectional Encoder Representations from Transformers 

(BERT) is a new generation word embedding model, which 

means bidirectional encoder representations. Unlike other word 

embedding models of the BERT model, it is designed to 

pre-train the dataset in both layers in two directions and to 

condition the word in both right and left contexts. The BERT 

model can be used to fine-tune with an additional output layer to 

create cutting-edge models without the important task of 

answering questions and language extraction. It is conceptually 

simple and empirically powerful. In Fig. 1, the architecture of 

BERT model is presented where the arrows indicate the 

information flow from one layer to the next. The pink boxes( 

Article Color printing should be done.) at the top indicate the 

final contextualized representation of each input word. Input 

words are demonstrated with E that lies from 1 to n. 

D. Proposed Framework 

In this study, user comments from Twitter are collected using 

with the labels: “AKBNK”, “ALBRK”, “GARAN”, “HALKB”, 

“ISCTR”, “SKBNK”, “TSKB”, “VAKBN”, “YKBNK”. A total 

of 117,136 Turkish tweets are gathered with the aforementioned 

labels using the Selenium crawler and browsing-navigation path 

to attract user comments from Twitter. Since the collected raw 

dataset is very dirty, different pre-processing techniques are 

employed to clean the dataset. In this study, stop-word 

elimination, removing hashtags, removing URLs, and Turkish 

Stemmer Library [21] methods are applied. As we focus on 

supervised machine learning strategy in our study, it is 

necessary to label the collected Turkish texts. To label the 

preprocessed dataset, TextBlob is utilized. However, because of 

lack of Turkish pre-trained dataset, we construct pre-trained 

dataset by employing user reviews from the website of 

Hepsiburada (https://www.hepsiburada.com). After labelled 

dataset is obtained, dataset is splitted into training and test sets, 

80% and 20%, respectively. Next, classification task is 

performed by implementing Convolutional Neural Network 

(CNN), Recurrent Neural Network (RNN), Long Short Term 

Memory Network (LSTM), and Bidirectional Encoder 

Representations from Transformers (BERT). 

IV. RESULT 

In this study, extensive experiments are conducted to analyze 

the emotions of user comments related to stocks that have the 

large volume in the stock market by using new generation word 

embedding model and deep learning algorithms. Accuracy is 

used as an evaluation criterion in the experiments to 

demonstrate the classification performance of each model and 

the contribution of our study. With the repeated holdout 

method, we set the training set size to 80% and conduct 

experiments. This approach is similar to previous literature 

studies [22], [23] using 80% of training data and 20% for the 

test. The following abbreviations are utilized for next 

generation word embedding model, and deep learning 

algorithms: CNN: Convolutional Neural Network, RNN: 

Recurrent Neural Network, LSTM: Long Short Term Memory 

Network, BERT: Bidirectional Encoder Representations from 

Transformers. The best accuracy results are indicated in bold. 

First, we analyze the classification performances of each model 

in terms of stocks that have high volume in BIST100 as shown 

in Table 1. 
 

TABLE I: THE CLASSIFICATION PERFORMANCES OF EACH MODEL IN TERMS OF 

STOCKS THAT HAVE HIGH VOLUME IN BIST100. 

 

Stocks  CNN RNN LSTM BERT 

AKBNK 96.22 96.56 96.22 94.84 

ALBRK 95.48 94.92 94.92 96.04 

GARAN 92.07 93.36 92.44 92.98 

HALKB 94.69 94.09 94.29 93.70 

ISCTR 95.15 95.52 95.15 96.72 

SKBNK 96.05 96.05 96.05 97.17 

TSKB 96.79 96.79 96.79 98.71 

VAKBN 97.26 97.26 97.26 98.63 

YKBNK 96.17 96.17 96.17 97.60 

 

   In Table 1, the classification accuracy of deep learning 

algorithms and a new generation word embedding model are 

evaluated. BERT is the best performing model when average 

accuracy results of each model are considered with 96.26% 

accuracy value. Moreover, the RNN model exhibits more 

successful classification performance with 95.47% of accuracy 

than CNN and LSTM. Actually, all deep learning models 
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present very close classification success. As a summary, BERT 

word embedding model outperforms deep learning models by 

displaying nearly 1%-2% better accuracy result. Finally, the 

classification success of deep learning algorithms and the new 

generation word embedding model are listed as follows: 

BERT> RNN> CNN> LSTM. Furthermore, BERT generally 

performs better when stocks are considered except AKBNK, 

GARAN, and HALKB. 2% improvement for AKBNK 1% 

enhancement for GARAN are provided by RNN model 

compared to the BERT. In HALKB, CNN demonstrates the best 

classification success with 94.69% of accuracy. 

 

 
Fig. 2. Training and loss results of each model for ALBRK stock. 

  

In Figure 2, training and loss results of each model for 

ALBRK stock are also given. It is clearly seen that the loss 

differences between validation and train sets in terms of number 

of epochs in Fig. 2. The horizontal axis shows the number of 

epochs and the vertical axis displays the loss. In general, as the 

number of epochs increases, the validation loss indicated by the 

red line decreases, noticeably up to when it reaches an optimum 

value for CNN, RNN, and BERT models. After reaching an 

optimum value for each model, the loss value increases as 

expected except LSTM model. In LSTM, the number of epochs 

where the lowest loss is observed the interval between 2.00 and 

3.00. It can be summarized that there is an optimum value for 

the number of epochs for each model. The minimum loss value 

is calculated as between 2.00 and 4.00 in BERT while the 

optimum value for the number of epochs to get the lowest loss 

value is obtained the interval between 4.00 and 6.00 in CNN, 

and RNN. This means the usage of BERT provides the best 

results that are generated with the less number of epochs 

compared to the other models.  

V. DISCUSSION AND CONCLUSIONS 

In this study, unlike recent researches on forecasting stock 

market direction, we focus on financial sentiment analysis in 

social media platforms for determining the direction of stock 

market by analyzing stocks that have huge volume in BIST100. 

For this purpose, there is a need to understand and analyze users' 

comments about financial news on social media platforms to 

determine the direction of BIST100. In order to implement this, 

Convolutional Neural Networks (CNN), Recurrent Neural 

Networks (RNN) and Long Short Term Memory Networks 

(LSTM) are employed as deep learning approaches, and 

Bidirectional Encoder Representations from Transformers 

(BERT) is used as a new generation word embedding model. 

Moreover, to improve the classification performance of the 

proposed model, we also consider stop-word elimination, 

removing hashtags, removing URLs, and stemming as 

preprocessing methods. As a result, the combination of BERT 

with pre-processing methods has achieved the best 

classification success with 96.26% of accuracy in order to 

determine the sensitivity of the users to guide the stocks. This 

means that the analysis of users' comments will provide 

investors with a perspective that will guide their investments. As 

a future study, we plan to develop our model using other new 

generation word embedding models to further strengthen stock 

market forecasting. 
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