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Abstract: Recently, the stock market prediction has become one 
of the essential application areas of time-series forecasting 
research. The successful prediction of the stock market can be 
better guided to the investors to maximize their profit and to 
minimize the risk of investment. The stock market data are very 
much complex, non-linear and dynamic. Due to this reason, still, 
it is a challenging task. In recent time, deep learning method has 
become one of the most popular machine learning methods for 
time-series forecasting due to their temporal feature extraction 
capabilities. In this paper, we have proposed a novel Deep 
Learning-based Integrated Stacked Model (DISM) that integrates 
both the 1D Convolution neural network and LSTM recurrent 
neural network to find the spatial and temporal features from the 
stock market data. Our proposed DISM is applied to forecast the 
stock market. Here, we have also compared our proposed DISM 
with the single structured stacked LSTM, and 1D Convolution 
neural network models, and some other statistical models. We 
have observed that our proposed DISM produces better results in 
terms of accuracy and stability. 
 

Keywords : Convolutional Neural Network, Deep Learning, 
LSTM, Stock Market, Time-series Forecasting. 

I. INTRODUCTION 

The stock market prediction research always is a prime 
attraction to the investors as well as the financial institutions. 
The successful prediction of the stock market is always 
helping them to make the early decision to buy or sell the 
shares of the stock market. This early decision helps them to 
maximize their profit from their investment. 

These financial times series data are more complicated 
compared to the other time-series data because, these data are 
very much dynamic, and there is a long-term dependency 
between them. The prediction of these highly fluctuating, and 
irregular data is a very challenging task. Recently, so many 
analytical models that have been proposed, viz. threshold 
autoregressive model [1], Autoregressive Conditional 
Heteroscedastic (ARCH) model[2], the Autoregressive 
Integrated Moving Average (ARIMA) model [3], among 
others. But these analytical models are not that efficient for 
non-linear time-series analysis. 

In the last two decades, several Artificial Neural Network 
(ANN) models have been proposed, such as Multilayer 
Perceptron (MLP) neural network [4], Backpropagation 
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neural network model [5], Recurrent Neural Network (RNN) 
model [6], and many more. The RNN models have offered 
serious challenges to the statistical methods for the 
time-series forecasting problems after they provide better 
prediction accuracy [7]–[9]. 

In recent times, ANNs get much more attention to the 
researchers as well as practitioners of various fields. The 
turning point of getting this attention, when the ImageNet 
challenge in 2012 was won by the ANN model based on deep 
convolution network trained on GPUs [10].  

In the last few years, there are so many RNN based models 
[11]–[14] which have been proposed for the time-series 
forecasting. But the major weakness of the RNN is that it 
suffers from the vanishing gradient problem and due to this 
problem RNN is unable to learn the long term dependencies. 
These difficulties were successfully overcome by the Long 
Short-Term Memory Networks (LSTMs) [15]. The recent 
studies [16] show that these shallow LSTMs neural networks 
are not so efficient to represent the complex features of the 
highly non-linear and long interval time-series data. 

From the existing studies [17]–[20] it has been proved that 
deep LSTM neural network models with the stacking of 
multiple layers are more efficient compared to the shallow 
neural network models for the long interval and non-linear 
time-series dataset. But these deep LSTM models are not so 
much efficient to extract the complex temporal and spatial 
features from multi-variable time-series data. 

Recently, the convolution neural network (CNN) is one of 
the most successful neural network architecture in deep 
learning models. This CNN achieved remarkable success in 
classification problems, such as image recognition [10]. 
From the studies [21], [22], we observed that 1D CNN 
(Conv1D) based models can also be used for the regression 
type problems and these models are also produce very good 
results for the time-series forecasting. A single Conv1D layer 
can able to capture certain temporal features within an input 
window and stacked Conv1D layers just work as a series of 
filters to aggregate the simple temporal features into a more 
complex shape to handle the complex multi-variable times 
series dataset [23]. But [22], [24] this stacked Conv1D layers 
based model is not so much efficient for the forecasting of the 
time-series data compared to the stacked LSTM models and 
is also not able to determine the long term dependencies of 
the time-series data. 

In this study, our aim is to develop a new deep learning 
model that quite capable of extracting the temporal features 
to identify the patterns of the stock price movement form the 
historical multi-variable financial time-series (stock market) 
dataset. From this motivation, we have proposed a Deep 
Learning-based stacked integrated model (DISM) for 
forecasting the stock market. 
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The rest of the paper is organized as follows: Section 2 
represents Research Methodology. Section 3 explains the 
Experiments. Experimental Results and Discussion are 
explained in Section 4, and in Section 5 Conclusion is drawn. 

II.  RESEARCH METHODOLOGY 

In this section, we describe the components and 
architecture of the proposed forecasting model, termed as 
DISM in detail. Here we are predicting the closing price of 
the Indian stock market based on the last seven days data. 
This proposed model (DISM) is influenced by the deep 
stacking network (DSN) [25] architecture. 

 

 

Fig. 1. Proposed Network Model. 

The proposed neural network model (DISM) is depicted in 
Fig. 1. In this model, we integrate two stacked neural network 
architecture to construct a deep learning-based integrated 
stacked model (DISM) where the first part of the model is a 
stacked 1D convolution neural network block followed by 
stacked LSTM neural network block. The overall 
architecture of the model is depicted in Fig. 2. 

 

A. Stacked 1D CNN Block 

1D Convolution neural network (Conv1D) is a special 
form of Convolution Neural Network (CNN). Conv1D 
specially used to handle the sequential data. Conv1D consists 
of a convolution layer followed by a pooling layer. The 
convolution layer performs the convolution operation on the 
input data with the kernel, and the output is referred to as the 
feature map. 

The next layer is the pooling layer which uses a pooling 
function to replace the output of the convolution layer at a 
certain location by the summary statistics of the nearby 
outputs. 

The architecture of the Stacked 1D Convolution neural 
network (1D CNN) block depicted in Fig. 3. This stacked 1D 
CNN block consists of multiple 1D Convolution blocks, 
which again consist of a 1D convolution layer, a pooling 
layer, and an activation layer. Each convolution block 
performs the convolution operation, between input feature 
matrix X with the convolution kernel W. These convolution 
operations, can learn the local features (patterns) within a 
window of convolution. Then this output is passed to the 
pooling layer to prevent the overfitting of the learned 
features. 

 

Fig. 2. Architecture of the Proposed Network Model. 

 

Fig. 3. Architecture of the Stacked 1D CNN Block. 

The input signal of a 1D convolution block is the output 
features signal X of the order m n of the previous 1D 
Convolution block. The convolution kernel W of size 
k l and s is the stride of the input signal X, we get the 

output signal Y of the order ( ) ( )m s n s−  − . The output 

signal ,i jy  is calculated by using the formulae: 

 , 1: ,1: : 1, : 1i j k l i i k j j ly W X + − + −=   (1) 

Where ,i jy Y . 

Then the output signal is passed to the pooling layer. In this 
experiment, we applied Max Pooling function on each of the 
elements of the output signal Y, we get the new output 
features signal Y'. 
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Then the ReLU non-linear activation function f is applied 
on Y' to get the new output features signal Y''. 

 ( )Y f Y =  (2) 

Where, the ReLU activation function as follows: 

 
,  if  0

( )
0,  if  0

z z
f z

z


= 


 (3) 

in this way the stacked 1D Convolution block acts as a 
pre-processing step to extract the sequence of a higher level 
features. 

B. Stacked LSTM Block 

Here, we utilize a series of LSTM blocks to deal with this 
long sequence of high-level features. The main reason for the 
selection of LSTM recurrent neural networks over RNNs is 
that RNNs suffer from the vanishing gradient problem during 
the backpropagation phase. Due to this reason, RNNs are not 
capable to learn the features from the long sequences with 
significant delays. 

 

Fig. 4. LSTM Architecture. 

There are so many variants of LSTM architectures that 
have been proposed in recent times. It has been observed that 
none of the variants of the LSTM architecture is significantly 
improved over the standard LSTM [26]. So, in this study, we 
have adopted the standard LSTM architecture. The basic 
structure of the LSTM architecture is shown in Fig. 4. 

The key part of the LSTM architecture is its cell state 
(memory cell), which consists of three gates viz. forget gate, 
input gate, and output gate. 

The forget gate tells whether the information is to be 
remembered or not. It removes the information which has no 
importance or less importance via the multiplication of a 
filter. The input gate is responsible for adding the information 
into the cell state. Finally, the output gate selects useful 
information from the current cell sate to output this 
information. These operations are performed by the 
following equations: 

 1( )t g f t t t ff W X U h b −= + +  (4) 

 1( )t g i t i t ii W X U h b −= + +  (5) 

 1( )t g o t o t oo W X U h b −= + +  (6) 

 1tanh( )t c t c t cC W X U h b−= + +  (7) 

The cell sate Ct and the layer output ht can be calculated for 
each time interval t by the following equations: 

 1* *t t t t tC f C i C−= +  (8) 

 *tanh( )t t th o C=  (9) 

From the existing studies [27]–[29], it has been observed 
that deep LSTM architecture with multiple hidden layers can 

effectively improve the overall performance for the 
sequential data. Inspired by these facts, we have developed a 
stacked LSTM block consisting of several LSTM blocks. The 
architecture of the stacked LSTM block, which is used in our 
proposed model is shown in Fig. 5. The output of one LSTM 
block is fed as the input of the next LSTM block. 

 

Fig. 5. Architecture of the stacked LSTM Block. 

In this way, the DISM can predict the multiple future time 
step of the stock market based on the historical data of the 
stock market. 

III. EXPERIMENTS 

The flow chart of the experiment is depicted in Fig. 6. In 
this work, all the experiments are done by the Python 
programming language using Keras deep learning library. 
This proposed forecasting method consists of the following 
main steps. 

A. Data Set Description 

In this work, we have taken the historical time-series data 
of the Bombay Stock Exchange (BSE) from 1st January 2014 
to 31st December 2018 on a daily basis from the website of 
Yahoo Finance[30]. Here, we consider only five important 
parameters of the stock market data, viz. opening price, low 
price, high price, volume, and closing price to predict the 
closing price of the stock market. 

X = {x(1), x(2), ... . . , x(t)}, where x(t) is the most recent 
value. Our goal is to forecast the future value x(t + 1) at 
timestamp (t+1) from previous n number of values. 

B. Data Preprocessing 

The success of any forecasting model heavily depends on 
the data preprocessing. Most of the time-series data are 
complex, heterogeneous and noisy. So, data preprocessing is 
very much essential before the feature extraction from the 
time series data. Data preprocessing consists of three steps, 
viz. data cleaning, data integration, and normalization. 

At first, we have performed the data cleaning to fill-up the 
missing data and to remove the outliers present in the raw 
data set to deal with the incomplete (missing of some of the 
attribute values), noisy (errors or outliers) data respectively. 

http://www.ijeat.org/


Deep Learning-based Integrated Stacked Model for the Stock Market Prediction 
 

5170 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: A1823109119/2019©BEIESP 
DOI: 10.35940/ijeat.A1823.109119 
Journal Website: www.ijeat.org 

 

Fig. 6. Flow Chart of the Experimental Process. 

 
Second, data can be collected from the various sources in 

various formats and to feed these data into the model, we 
have adopted the proper data integration method. 

Finally, we have applied the data normalization technique 
[31], [32] to scale the data values into the range of [0, 1]. 
Since the times series data like stock market data can vary 
over a large range. So, to produce high-quality data that can 
be fed into any learning algorithm and to speed up the 
learning process, data normalization is done. 

Before starting the training process, we split the entire data 
set into three parts. The first part contains 70% of data, which 
is used for the training purpose. The second part contains 
15% of data and it is used for validation purposes. The 
remaining 15% of the data is used for testing purposes. 

C. Training Methodology 

We have trained our DISM by the training data set to extract 
the features. We have fed the seven days data as the input 
window to the network to predict the closing price of the 8th 
day. After performing the parameter tuning, we have set the 
number of training epochs to 100, the window stride length is 
1 day, and the input batch size is 20. 

In this experiment, we have used backpropagation with 
stochastic gradient descent (SGD) optimizer to learn the 
network parameters. During the training phase, overfitting 
may occur. If we observe the learning curve that describes the 
error rate against the number of epochs, the point in the curve 
where the test error starts in increasing but still the training 
error is decreasing then we can say that the overfitting has 
occurred. To deal with the overfitting problem, here we have 
used the k-fold cross-validation to identify the stopping 
condition of the training process. 

In Table I, we have summarized the experimental settings 
that have used in this work for different models. 

 
 

 
 
 

Table- I: Experimental Settings. 

Model 
LSTM 
Block 

1D CNN 
Block  

Hidden 
Units 

Epochs 

DISM 
(1-1-32) 

1  1  32  
100 

DISM 
(1-1-64) 

1  1 64 
100 

 
DISM 

(2-2-32) 
2  2 32 

100 

DISM 
(2-2-64) 

2 2 64 100 

DISM 
(2-3-32) 

2 3 32 100 

DISM 
(2-3-64) 

2 3 64 100 

DISM 
(3-2-32) 

3 2 32 100 

DISM 
(3-2-64) 

3 2 64 100 

DISM 
(3-3-32) 

3 3 32 100 

DISM 
(3-3-64) 

3 3 64 100 

Model Block Hidden 
Units 

Epochs 

Stacked 
LSTM(2-32) 

2 32 100 

Stacked 
LSTM(2-64) 

2 64 100 

Stacked 
LSTM(3-32) 

3 32 100 

Stacked 
LSTM(3-64) 

3 64 100 

Model Block Epochs 
Stacked 

1DCNN(2) 
2 100 

Stacked 
1DCNN(3) 

3 100 

IV. EXPERIMENTAL RESULTS AND DISCUSSION 

In this section, we have described the experimental results 
for the training and testing of all the neural network models 
(Stacked LSTM, Stacked 1D CNN, and DISM). All the 
neural network models are trained and tested by the Python 
programming language using Keras deep learning library. 
Here, we have used Mean Squared Error (MSE), Mean 
Absolute Error (MAE) and Mean Absolute Percentage Error 
(MAPE) as the performance evaluation metric and these 
errors are calculated by using the following formula:  

  

 

2

1

1
ˆ( )

n

j j
j

MSE o o
n =

= −  (10) 

 

 
1

1
ˆ(| |)

n

j j
j

MAE o o
n =

= −  (11) 
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1

ˆ| |1
*100

n
j j

j j

o o
MAPE

n o=

 −
=   

 
  (12) 

Where n is the number of observation, jo  is the actual 

value and jo  is the predicted value. 

In Table-II, we have represented MSE and MAE training 
errors of our proposed DISM with the different number of 
epochs. We have graphically represented the MSE and MAE 
training errors of the different neural network models in Fig. 
7. We have compared the performance of DISM with all 
other neural network models in terms of MSE and MAE 
during the training phase in Fig. 8. In Fig. 9, we have 
graphically represented the actual and the predicted closing 
price values of the BSE dataset during the testing phase of the 
different neural networks models. In Table-III, we have 
shown the testing errors of the different prediction models 
with different experimental settings. 

From Table-II, it is quite clear that all versions of DISM 
have the lowest training errors for 100 number epochs. 
Among them, DISM (2-2-64) has the lowest training errors. 
We can observe that, Stacked LSTM Model and DISM have 
greater convergence speed with respect to the number of 
epochs compared to the Stacked1D CNN Model from Fig. 7 
and Fig. 8. From Table-III, we can observe that all the neural 
network models outperform the ARIMA and SVM models. 
Among all the neural network models, our proposed DISM 
with different parameter settings has the lowest forecasting 
errors. Additionally DISM(2-2-64) exhibits better 
performance among all other versions of DISM. It is also 
quite clear from Fig. 9, DISM outperforms all other models in 
terms of predicting the closing price of the BSE. It may also 
be noted that the Stacked LSTM Model produces a very good 
result in terms of prediction of the closing price and 
forecasting errors, whereas the Stacked1D CNN Model 
produces poor performance. 

 
Table- II: Training errors of different DISM models with different number of epochs. 

Model  Epochs MSE MAE Model Epochs MSE MAE 
DISM 

(1-1-32) 
50 0.00275  0.0297  DISM 

(2-3-32)  
50 0.00209  0.0289 

DISM 
(1-1-32) 

100 0.00271 0.0292 DISM 
(2-3-32) 

100 0.00203 0.0263 

DISM 
(1-1-32) 

150 0.00273 0.0295 DISM 
(2-3-32) 

150 0.00208 0.0273 

DISM 
(1-1-64) 

50 0.00258 0.0268 DISM 
(2-3-64) 

50 0.00197 0.0253 

DISM 
(1-1-64) 

100 0.00253 0.0263 DISM 
(2-3-64) 

100 0.00193 0.0249 

DISM 
(1-1-64) 

150 0.00257 0.0265 DISM 
(2-3-64) 

150 0.00195 0.0279 

DISM 
(2-2-32) 

50 0.00231 0.0297 DISM 
(3-3-32) 

50 0.00213 0.0281 

DISM 
(2-2-32) 

100 0.00201 0.0257 DISM 
(3-3-32) 

100 0.00211 0.0297 

DISM 
(2-2-32) 

150 0.00214 0.0261 DISM 
(3-3-32) 

150 0.00213 0.301 

DISM 
(2-2-64) 

50 0.00267 0.0283 DISM 
(3-3-64) 

50 0.00210 0.0275 

DISM 
(2-2-64) 

100 0.00163 0.0187 DISM 
(3-3-64) 

100 0.00199 0.284 

DISM 
(2-2-64) 

150 0.00195 0.0241 DISM 
(3-3-64) 

150 0.00205 0.0287 

 

 
(a) 

 

 
(b) 
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(c) 

Fig. 7. MSE and MAE Training errors of different models 
for the BSE data set. (a)Stacked LSTM Model(3-32) b) 

Stacked 1D CNN(3) Model and (c) DISM(2-2-64). 

 
(a) 

 
(b) 

Fig. 8. Comparison of MSE and MAE training errors of 
DISM (2-2-64), Stacked LSTM (3-32) and Stacked 1D 
CNN (3) Models for the BSE dataset. (a) MSE and (b) 

MAE. 

 
(a) 

 
(b) 

 
(c) 

Fig. 9. Comparison of actual and predicted stock indices 
of BSE of different Neural Network Models. (a) Stacked 
LSTM (3-32) Model, (b) Stacked 1D CNN(3) Model and 

(c) DISM(2-2-64) 

 

 
Table- III: Forecasting errors of different models. 

Model MSE MAE MAPE 
SVM 0.08901574071 0.132401872310 10.23561020126 

ARIMA 004185231812 0.075678201497 5.856253410591 
Stacked 

LSTM(2-32) 
0.003125630210 0.014234612045 1.610125432401 

Stacked 
LSTM(2-64) 

0.003102315801 0.014210452157 1.609246910272 

Stacked 
LSTM(3-32) 

0.002990051564 0.013453220382 1.600362156084 

Stacked 
LSTM(3-64) 

0.003012543516 0.013466452012 1.608328645901 

Stacked 
1DCNN(2) 

0.025231409801 0.034901294186 4.164482949716 

http://www.ijeat.org/
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Stacked 
1DCNN(3) 

0.025028326793 0.034850853752 4.160576280137 

DISM (1-1-32) 0.001593012452 0.013572435012 0.315284695032 
DISM (1-1-64) 0.001579531470 0.013928597301 0.314670135917 
DISM (2-2-32) 0.001551204591 0.011925861024 0.311562754039 
DISM (2-2-64) 0.001526468174 0.010830290456 0.304806144709 
DISM (2-3-32) 0.0015928530121 0.0120451301 0.310859470347 
DISM (2-3-64) 0.0015910235676 0.0120158943 0.310762784381 
DISM (3-3-32) 0.0016152379240 0.0124025419 0.313587394428 
DISM (3-3-64) 0.0016159513708 0.0124972504 0.313601836201 

V. CONCLUSION 

In this paper, we have proposed a Deep Learning-based 
Integrated Stacked Model (DISM) for forecasting the stock 
market indices. We also compared our model with the 
Support Vector Machine (SVM), the AutoRegressive 
Integrated Moving Average (ARIMA), the Stacked LSTM 
model, and the Stacked 1D CNN model.  

We can easily conclude that our proposed model 
outperforms all other models for the forecasting of the 
multi-variable and non-linear time-series dataset. Although 
all the neural network models produce very good prediction 
results and low error rate compares to other statistical 
models. We can also conclude that spatial and temporal 
feature extraction is one of the most important aspects of the 
stock market price prediction. 

We can also extend our experiment in different directions 
in proposing novel neural network architecture. In this paper, 
we have applied our proposed model to predict the Indian 
stock market indices. In the future, we would like to apply 
our proposed model on the different linear and non-linear 
time-series data. We will also want to improve our model for 
better accuracy.  
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