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Abstract— This paper discusses the relevance of dynamically 

changing algorithms to predict the volatile stock market. When 

an investor decides to buy or sell stock, his decision is highly 

dependent on the rise or fall of share market price. This study 

uses a model-independent approach to reveal the hidden 

dynamics of stock market data using various deep learning 

techniques such as RNN, LSTM, and GRU. The data from 

automobile and banking sectors which are listed in NSE is used 

for the study. Sliding window approach is used for the data 

analysis and the performance is evaluated using percentage 

error 

I. INTRODUCTION 

he benefits of using dynamically changing algorithms to 

understand the stock market behaviour is discussed in this 

study with real data analysis. The aim of any investor when 

he decides to buy or sell shares after analysing the market 

forecast is profit maximization. Various factors that influence 

the market behaviour are policy changes, company mergers 

and acquisitions, global economy, employee layoff, politics, 

change in management, unmet investor expectation, demand 

supply behaviour, competitor response and many others.  

 The stock market is one of the most vital components of a 

free-market economy, as it provides companies to assess 

capital. It facilitates stock brokers to trade securities and 

company stocks. A share may be bought or sold if it is listed 

on an exchange. Volatile stock market prediction is definitely 

one of the most challenging areas among time series 

predictions. 

Recently, the methods of predicting stock markets for 

investing is gaining momentum. Forecasting stock market 

returns are gaining attention among various investing 

communities as it provides better guidance with respect to 

investing. Predictability is one of the major factors which, the 

profitability of trading in stock and investing is dependent on.  

Many expert practitioners and researchers have put-

forwarded several models using various technical, 

fundamental and analytical techniques to give a more or less 

prediction on the stock market pattern. The fundamental 

analysis involves an in-depth analysis of the changes in the 

stock prices in terms of external macroeconomic variables; 

which focuses on determining the intrinsic value of the share. 

 
 

It assumes that the share price of a particular stock is 

depended on its intrinsic value and the expected return for the 

investors. But this expected return is subjected to vary as 

newer and newer information pertaining to a stock is available 

in the market which in turn alter the price of the share. 

Investors looking for long-term investments mainly use 

fundamental analysis [1]. Technical analysis focuses on using 

price, volume, and historical chart patterns to predict the 

future stock movements. This model is a short-term prediction 

of the share price based on its historical evolution.  

Beside these commonly used techniques of prediction, 

some traditional time series forecasting tools are also 

available. In the time series forecasting, the past data of the 

prediction variable is analysed and modelled in order to 

accurately record the patterns of historic changes in the 

variable. These models are then used for forecasting the future 

prices. There are mainly two approaches in the time series 

modelling and forecasting: linear approach and nonlinear 

approach. Some of the existing linear models are Auto 

Regression (AR), Auto Regression Moving Average 

(ARMA), Auto Regression Integrated Moving Average 

(ARIMA) and its different variants [2]. These techniques are 

static mathematical models which use predefined equations; 

as a result, it fails to evaluate the dynamic market changes. 

Another drawback of these models is that they fail to correlate 

the relationship between various sectors as the technique is 

dealing with univariate time series. 

The researchers are still searching for techniques to come 

up with an accurate solution. With more computational 

capabilities and resources to handle huge databases, complex 

machine learning, and deep learning techniques are used to 

address this issue. Few non-linear models used for predicting 

non-linear time series data are AutoRegressive Conditional 

Heteroscedasticity (ARCH), Generalized AutoRegressive 

Conditional Heteroskedasticity (GARCH), Threshold 

AutoRegressive (TAR) and Deep learning algorithms [2]. 

The proposed work is trying to find out the relevance of 

deep learning techniques in predicting stock market price. 

Three different algorithms, Recurrent Neural Network 

(RNN), Long Short-Term Memory (LSTM) and Gated 
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Recurrent Unit (GRU) are used in this work for data analysis. 

The hidden pattern and dynamics of the data can be identified 

using deep learning algorithms through a self - learning 

process. The technique also helps to find the dependency 

between other sectors; however, this study is focused on 

finding the interdependency between companies in the same 

sector. The data obtained from National Stock Exchange is 

used for the study. Sliding window approach is adopted in this 

paper with data overlap. Companies from automobile and 

bank sectors are chosen for the study as there is no direct 

influence between the two sectors. The dataset contains 

minute wise data of the companies from the above-mentioned 

sectors. The obtained result can be used to generalize a model 

for predicting when minute wise data is given as the input. 

The paper is structured as follows: Related work in this area 

is explained in Section [II], Section [III] discusses the 

background study, Section [IV] discusses the experiments, 

evaluation results and discussions can be found in Section 

[V], conclusion and future scope of the study are detailed in 

Section [VI]. 

II. RELATED WORK 

The prediction of Standard & Poor’s 500 index for intraday 

directional movements given in financial news titles and a set 

of technical indicators are taken as input parameters in this 

study. The deep learning methods such as Convolutional 

Neural Networks (CNN) and Recurrent Neural Network 

(RNN) are used to predict the next day stock movement. The 

results of CNN were better compared to RNN for capturing 

semantics from the texts and RNN outperformed the other on 

capturing the context information and modelling complex 

temporal characteristics for stock market forecasting [3]. 

Google stock price multimedia data from NASDAQ is used 

for comparing deep learning algorithm with Artificial Neural 

Network. In this study 2 PCA + Deep Neural Network (DNN) 

method is compared with state of the art method, 2-

Directional 2-Dimensional Principal Component Analysis + 

Radial Basis Function Neural Network (RBFNN). The 

proposed method performed better than the existing method 

RBFNN with an improved accuracy of 4.8% for Hit Rate with 

a window size of 20 [4]. The results were compared with the 

Recurrent Neural Network (RNN) and it is found that the 

accuracy of Hit Rate is improved by 15.6%. The correlation 

coefficient between the actual and predicted return for DNN 

is 17.1% more than RBFNN and it is 43.4% better than RNN. 

Instead of trying to fit to a specific model, the study focuses 

on the latent dynamics in the data from IT and Pharma sectors 

using different deep learning methods. The price prediction of 

NSE listed companies are done using RNN, CNN and LSTM 

algorithms and their performance is quantified using 

percentage error. Sliding window approach is used for future 

prediction in this work. CNN performed better than the other 

two models in the study [5]. 

III. BACKGROUND  

The evolution from a rule-based system to deep learning 

technique is described well in Figure 1. The rule-based system 

/expert systems are designed by programmers. The required 

input for the programs is given by the experts in the field 

based on the application; which includes facts and logic to 

combine the information into a reasonable solution.  In 

traditional machine learning, the important input parameters 

are manually designed and the system is trained to map the 

features automatically. The next step was finding a way to get 

rid of hand design requirements, which is achieved through 

representative learning. The main features are automatically 

learned from the raw data. The deep learning is a high-end 

version of representation learning. The abstract features in 

each level are discovered using inputs received from previous 

levels; thus increasing the level of abstraction. This type of 

learning is mainly useful for discovering and representing 

data with high level of abstraction. Thus, deep learning allows 

learning higher levels of abstractions to unfold the variations 

and provide easier methods for generalization [6].   

Three different deep learning algorithm discussed in this 

paper are RNN, LSTM, and GRU. 

A. Recurrent Neural Network (RNN) 

The Recurrent Neural Networks have feedback loops 

which can be related to memory. These recurrent connections 

allow the network to hold information across inputs. It is 

mainly used to process arbitrary sequence of inputs; 

particularly useful for learning sequential data like music, 

stock markets, government agencies, handwriting, spoken 

words and various other numerical time series data. The way 

RNN analyses a situation is very similar to real life. The 

network has two input sources, current, and past data; which 

is used to determine how interpretations are made when new 

data is loaded into the network. The feedback loop of the 

 
 

Figure 1: Types of learning methods 

 
 

 

 
 

 

 
 

 

 

 

 

 
 

 

Fig. 1.  Magnetization as a function of applied field. Note that “Fig.” is 
abbreviated. There is a period after the figure number, followed by two 

spaces. It is good practice to explain the significance of the figure in 

the caption. 
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network connects it to the past decisions thus ingesting the 

moment to moment output of the past as input to evaluate the 

present data. It also uses the memory for decision making. The 

hidden state of the network preserves the sequential 

information. As the feedback loop occurs at every time step 

in series, each hidden state of the network contains traces of 

previously hidden state and preceded ones as long as memory 

exists. The feedback loop allows the information to be passed 

from one step of the network to another [7]. In many 

applications long-term dependencies are highly relevant, 

RNN fails to provide good results. In order to overcome such 

situation, Long Short-Term Memory technique is introduced.  

B. Long Short-Term Memory (LSTM)  

This technique introduces a new structure called memory 

cell. This neural network consists of the sigmoid layer, tanh 

layer, and point wise multiplication operation. The various 

components and their functions of this network are: input 

gate, cell state, forget state, output gate, sigmoid layer and 

tanh layer. The weight of the self- recurrent connection is 

given a value ‘1’ to avoid any outside interference and to 

make sure that the state of the cell remains constant for each 

time step. The input gate allows the incoming signal to alter 

the state of the memory cell or block it. The output gate allows 

the state of the memory cell to have an effect on other neurons 

or prevent it. The forget gate can modulate the memory cell’s 

self-recurrent connection allowing the cell to remember or 

forget the previous state. The cell state runs through the entire 

network and has the ability to add or remove information with 

the help of gates. The sigmoid layer generates numbers 

between zero and one, describing how much of each 

component should be let through. tanh layer generates a new 

vector, which will be added to the state [8] .  

C. Gated Recurrent Unit (GRU)  

Gated Recurrent Unit (GRU) is a version of LSTM. Instead 

of the three gates as in LSTM, GRU has two gates called 

update gate and reset gate. It fully writes the contents from its 

memory cell to the larger net at each time step. The update 

gate controls the size of previous memory to be kept for data 

prediction, and the reset gate defines how to combine the new 

input with the previous memory. Both GRU and LSTM have 

comparable performance, but GRU is faster to train and 

requires less data for generalization. If there is enough data, 

LSTM gives better performance [9]. 

IV.  EXPERIMENTS 

A. Proposed Architecture 

Deep learning techniques do not rely on any feature 

engineering mechanisms like traditional machine learning 

classifiers. Raw data is passed into one or more hidden layers 

to obtain the optimal features. The architecture used in this 

work is given in Figure 2, which comprises of four 

components.  

 

Figure 2: Proposed Model 

Data: The study used the minute wise stock price dataset 

for 1721 NSE listed companies for the trading days from 1st 

July 2014 to 30th June 2015. The various parameters of the 

data are day stamp, time stamp, transaction id, stock name, 

stock price and volume of stock sold in each minute. The two 

different sectors used in this study are automobile and 

banking. Tata Motors, Tech Mahindra, and TVS Motors are 

the companies chosen in the automobile sector and Syndicate 

Bank, Union Bank and Yes Bank were selected from the 

banking sector. From the available database, the required 

sample from each sector is extracted and pre-processed to 

obtain the stock price. Here we are doing a short-term future 

prediction, which can be effectively done using sliding 

window approach. After calculating the error for various 

window sizes; in this study, it was fixed to be 100 minutes 

with an overlap of 90 minutes information and prediction was 

made for 10 minutes in future. In the automobile sector, Tata 

Motors is used for training which is then tested on the other 

two companies. In banking scenario, Syndicate Bank is used 

to predict the performance of the other two banks. 

The normalization process is done on the dataset to unify 

the data to a range of 0 to 1, which was used for training the 

network. 100 dimension data is passed as an input to the 

recurrent structures.  

Recurrent Structures: The three different neural network 

structures used in this study are RNN, LSTM, and GRU. Each 

recurrent structure contains 64 units/memory blocks. The 

study focuses on finding the existence of long-term 

dependencies between the given data. The three architectures 

are capable of identifying the long-term dependencies and the 

models can be used for future prediction. The 

interdependencies among various companies can be tested 

using the model which will help to understand the market 

dynamics. The train and test data were normalized using the 

same method.  

Regularization: In order to prevent over fitting, the Dropout 

value was chosen as 0.01, for the recurrent structures. It was 

also observed that without regularization, the model can 

easily over fit the training data, even when training on 

millions of samples.  

Classification: Once the features were extracted, the 
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standard dense neural network is used for prediction. The 

dense neural network has two layers, a Dense (l) unit, 

followed by the DenseLinear (l) layer with l = 10 units. The 

dense layers learn a non-linear kernel given the recurrent 

structures features, and the 'linear' layer output provides the 

10-time step predicted values given the output of the final 

dense layer.  

The models were trained for 1000 epoch by varying the 

layer size to improve the efficiency. If the Mean Square Error 

(MSE) for the current epoch is less than the value obtained in 

the previous epoch, the weight matrices for that epoch is 

stored. After the training process each of the models was 

tested and the model with the least Root Mean Square Error 

(RMSE) is taken as the final model for prediction. 

2
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i
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n

MSE                    (1) 

In equation (1), Y represents the vector of n predictions, Ŷ 

represents the vector of n observed values of the variable 

being predicted. This is an easy method for computing the 

accuracy of a particular sample. The optimizer used in the 

study is RMSPROP. Once the predicted output is obtained, 

de-normalization was applied to the data. Using the available 

true labels, the percentage error is calculated as given in 

equation (2) 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐸𝑟𝑟𝑜𝑟

= 𝑎𝑏𝑠 (
𝐴𝑝𝑝𝑟𝑜𝑥𝑖𝑚𝑎𝑡𝑒 𝑉𝑎𝑙𝑢𝑒 − 𝐸𝑥𝑎𝑐𝑡 𝑉𝑎𝑙𝑢𝑒)

𝐸𝑥𝑎𝑐𝑡 𝑉𝑎𝑙𝑢𝑒
) ∗ 100 

 

B. Identifying the hyper parameters of recurrent structures 

The recurrent neural approaches, RNN, LSTM, and GRU 

have parameterized functions which will have a direct impact 

on the optimal parameters of the data thus giving a good 

prediction. Various experiments and configurations are 

applied on the data to find out the optimal values of 

parameters such as learning rate and number of units/memory 

blocks.  

The experiment was initiated by using moderately sized 

RNN/LSTM/GRU network containing input, hidden 

recurrent and output layers. Hundred neurons are present in 

the input layer, the hidden layer contains four units per 

memory blocks containing one cell each and ten neurons in 

the output layer. A fully connected network: the connection 

between neurons in the input to hidden layers and from hidden 

layer to output layer; is used in the study. Both the training 

and test dataset values are normalized for the study. Memory 

blocks in the range from four to sixty-four is experimented 

and two trial runs are conducted to ensure accuracy. Various 

other parameters used in the study are: mean square error 

(mse), as the loss function; RMSPROP, as the optimizer; 

batch size is 32; data dimension as 100 and a total number of 

epochs, 1000. 

When the algorithms are run with 64 memory blocks, it 

gave good performance compared to other trials. The 

performance was also tested by increasing the number of 

memory blocks from 64 to 128 in each of the algorithms; it 

was found that the result was similar to the output with 64 

blocks. In order to settle on a particular result, the 

RNN/LSTM/GRU network with 64 memory blocks were run 

for 1000 epochs. 

In order to find the suitable learning rate, two trial runs of the 

experiments are conducted with different learning rates in the 

range from .01 to 0.5. Lower learning rate gave better 

prediction rate though it required more number of epochs 

before giving final output. The study was conducted with 0.1 

learning rate considering various other factors such as training 

time, cost and prediction rate.  

V. EVALUATION RESULTS 

Three different algorithms used for the study are RNN, 

LSTM, and GRU. The maximum value of error percentage 

obtained for each of the models for both automobile and 

banking sector is given in Table 1 and Table 2. LSTM 

performed better compared to the other two models. This 

explains how much the data is dependent on previous value to 

predict the future instances. 

The four test cases used for the study are as follows.  

1) Tata motors is used for training the model. It is tested on 

the test dataset. 

2) Tata Motors is used to predict the behaviour of other 

companies in the same sector. 

3) Syndicate Bank is used for training the model and is 

tested on the test dataset. 

4) Syndicate Bank is used to predict the behaviour on other 

banks.  

Company RNN LSTM GRU 

Tata Motors 1.8449 1.4747 1.7346 
Tech Mahindra 7.1415 6.24721 6.6558 

TVS Motors 2.0057 1.7926 2.0580 
Table 1: Error Percentage for Automobile Sector 

Bank RNN LSTM GRU 

Syndicate 1.7233 1.5568 1.6481 

Union 1.5740 1.3485 1.4062 

Yes 1.6709 1.7281 1.6958 

Table 2: Error Percentage for Banking Sector 
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(a)                         (b) 

 
(c) 

Fig 1:  Plot of Real Vs Predicted Value of Tata Motors using GRU, LSTM and RNN

Figure 1 (a), (b) and (c) gives the details of the prediction 

result for the three algorithms GRU, LSTM, and RNN 

respectively for Tata Motors. The measurements are based on 

shared price and trading days. The variation in the actual and 

predicted is higher for RNN compared to the other two. 

LSTM gave better prediction result for all the three. Initially, 

the prediction result was very much in alignment with the 

actual output. The time period between 100 and 150 trading 

days also gave a good result. There was an unexpected market 

change between 150 and 180 time period; which was reflected 

by a difference in actual and predicted values. This condition 

was learned by the algorithm and the prediction result 

between 180 and 220 time period gave an improved result 

before a major shift occurred around time period 230. We can 

also see from the plot, figure (b) that the algorithm is getting 

improved as it proceeds. Around 370 trading days, the actual 

and predicted values are totally in alignment. 

 
(a)                           (b) 

 
 (c) 

Fig 2: Plot of Real Vs Predicted Values of Union Bank using GRU, LSTM and RNN

 

   

Figure 2 (a), (b) and (c) gives the plot results of predicted 

and the real price of Union bank. As seen in the automobile 

sector, LSTM algorithm performed better than the other two 

algorithms. The variation was higher for RNN. The data was 

highly fluctuating; especially between the time period 50 - 

100.  Although the algorithm failed to give the exact value, it 

gave a tentative result compared to the other two. Between the 

time period 300 - 350, the prediction result was much better.  

GRU also gave good predictive result during the same time 

period.  

 As we know it is very difficult to give an accurate 

prediction for volatile data, Long Short-Term technique gave 

a better result compared to other algorithms in two sectors. It 

can also be observed that even though LSTM performed 

better than GRU, the variation is minimal. 
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VI. CONCLUSION AND FUTURE SCOPE OF THE STUDY 

Deep learning technique is slowly emerging as a promising 

tool for predicting non-linear time series data like the stock 

market. The hidden dynamics and abstraction of the data can 

be found out to a certain extent by using this technique; thus 

giving a more accurate prediction in comparison to many 

existing models. In the study, data from two sectors were used 

for analysis. In the automobile sector, data of Tata Motors is 

used for training and predicting the stock price of Tata 

Motors, Tech Mahindra, and TVS Motors. In the banking 

sector, Syndicate bank data is used for training and it is tested 

on Union Bank, Yes Bank and Syndicate Bank using various 

algorithms such as RNN, LSTM, and GRU. The technique 

was able to identify interrelation between various companies 

within the same sector; the best result was obtained using 

LSTM model. The trends and periods of existence will vary 

according to the sector and companies chosen. The ultimate 

aim of the study is to analyse the data and predict the different 

trends and cycles that will give more profit to the investors. 

The study can be further extended by using techniques such 

as Convolution Neural Network (CNN) to capture the 

irregular changes occurring in the stock market. The 

relationship between various sectors can also be evaluated 

thus allowing us to find out if there are any hidden parameters 

which will correlate the performance of various sectors that 

appear totally independent from the first glance. 
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