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Presentation Notes
There are six issuers that I will be presenting today. I will start with the objectives of this research, next to the introduction of the stock price prediction and machine learning. Then I will explain the methodology and our proposed model, After that the details of the datasets, the experimental results, and the last conclusions.



The objective of this research:

* Develop the predictive model by using deep learning
LSTM to forecast the stock prices.

m Dow Jones Industrial (DJI).
m S and P 500 index.

* To measure the effectiveness of our proposed model

m we have used the best prediction values for our Deep LSTM model
compared with the experimental results of deep learning
techniques from the researches studied .
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The objective of this research is to develop the predictive model by using deep learning LSTM to forecast the stock prices in the current and future market. 
We have used the stock prices market from yahoo’s financial website by choosing two index datasets; Dow Jones Industrial (DJI) and S and P 500 index. 
To measure the effectiveness of our proposed model, we have used the best prediction values for our Deep LSTM model compared with the experimental results of deep learning techniques from the researches undertaken. 



Introduction:

Stock market prediction & Machine Learning

Stock prices historical data ---->> Predictive model---->> Future Price Prediction
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Prediction factors :
- Physical & physiological factors
- Rational & irrational behaxior

@

1 Simple algorithms >> averaging , linear regression
] Advance techniques >> AutofARIMA
1 Various models have been creatéel by Machine learning

Techniques :
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The stock market is a vital component of a country’s economy. It is one of the largest opportunities for investment by companies and investors. Predicting how the stock market will perform is one of the most difficult things to do. There are so many factors involved in the prediction – physical factors physiological, rational and irrational behavior, etc.  All these aspects combine to make share prices volatile and very difficult to predict with a high degree of accuracy.

machine learning techniques have the potential to unearth patterns and insights we didn’t see before, and these can be used to make unerringly accurate predictions. Most of them used machine learning algorithms to predict the future stock price of the company, starting with simple algorithms like averaging and linear regression, and then move on to advanced techniques like Auto ARIMA and Long Short-Term Memory (LSTM)

We can see that one common approach in seeking to take on the challenge is using machine learning algorithms by using the history of the price to make future price predictions. Most the research involved in applying data mining techniques to solve the problems in the financial analyst sector has many models including; Decision trees, Support Vector Machine (SVM), Neural Networks (NN), K-Nearest Neighbor (K-NN), Deep learning especially the LSTM model

In addition, the applications for deep learning are increasing. Because it is acknowledged that models using deep learning techniques can provide extremely accurate results. Then the LSTM model is the algorithm of choice in this research which is a type of recurrent network with proven success in resolving numerous problems.


Methodology and proposed model:

°* Long Short-Term Memory (LSTM)

m LSTM model is an artificial recurrent neural network (RNN).

m LSTM model are well-suited for:
Classifying.
Processing.
Making prediction based on time series data.

* LSTM was developed to deal with the vanishing gradient
problems.
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Long short-term memory (LSTM) is an artificial recurrent neural network (RNNs) architecture used in the field of deep learning. 
A common LSTM unit is composed of a cell an input gate, an output gate and a forget gate. 
The cell remembers values over arbitrary time intervals.
The three gates regulate the flow of information into and out of the cell.
LSTM networks are well-suited to classifying, processing, and making predictions based on the time-series data. 
LSTM model was developed to deal with the vanishing gradient problem that can be encountered when training traditional RNNs.


LSTM Cell:

Forget pate Cell gate ht Output

‘ | A
Cell state (+ Next Cell state
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Input x, Input gate Output gate

Figure 1. The structure of LSTM cell at time step t

Three gates of LSTM cell :
Input gate >> is call updated??
i, = c(W;hi—q +Ux; + b))
Forget gate >> is memory set to 0 ??
fi = o(Wrhi_1 + Usx, + by)
Output gate >> is current info visible??
C, = tanh(W.h,_{ + U.x, + b,)

Ce = (Ct—1®ﬁt)®(€t®it)
0, = o(Wohy—q + U,x; + b,)
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Each LSTM unit has three gates of the same shape, think of each of these as binary gates , 
The input gate controls whether the memory call is updated , 

the forget gate  controls if the memory cell is reset to 0, and the output gate controls whether the information of the current cell state is made visible. 
They all have a sigmoid activation. 

𝑐 is cell state, ℎ is hidden state, 𝜎 is the activation function and 𝑊, 𝑈  are the weight matrix and 𝑡 is the time. 



The diagram of the Deep LSTM model.
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Figure 2. The framework of the Deep LSTM model.
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 We can see the framework in figure 2, of our proposed Deep LSTM model, starts with loading the sequence data from the stock prices dataset followed by normalization and standardization of data.   In the partition phase, the dataset is split into two sets with a ratio of 80% for training and 20 % for the testing. We used the training dataset to train the Deep LSTM model  and prediction the model Deep LSTM with the testing data then evaluation the deep LSTM model performance by error measures (RMSE, MSE, MAPE, Accuracy )


The architecture of the Deep LSTM model.
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Figure 3. The architecture of the Deep LSTM model.
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We used five basic variables from the historical stock price data as the input vector 𝑥((𝑡)) of our Deep LSTM model. 
Namely, the vector 𝑥((𝑡)) contains as components the open, high, low, adj close, and close prices. 
With 4 main LSTM layers then The predicted stock close price denoted by 𝑌_(𝑡+1)

𝑌_(𝑡+1)={𝐹(𝑦_((𝑡) ),𝑦_((𝑡−1) ),…,𝑦_((𝑡−𝑑_𝑦 ), ) 𝑥_((𝑡)),𝑥_((𝑡−1),)…,𝑥_((𝑡−𝑑_𝑥)) }                          

where 𝐹(.) is the mapping function of the Deep LSTM model;   
𝑦_((𝑡),) 𝑦_((𝑡−1),)…,𝑦_((𝑡−𝑑_𝑦))   are the true values of the time series output;   
𝑥_((𝑡)),𝑥_((𝑡−1),)…,𝑥_((𝑡−𝑑_𝑥)) are the input vectors of the Deep LSTM model; 
𝑌_(𝑡+1) is the predicted value of the time series 𝑦_((𝑡) ) at (𝑡+1) time using as inputs the present and previous values of 𝑥_((𝑡)) as well as  the true present and previous values  of 𝑦_((𝑡) ); 
𝑑_𝑥 is the maximum delay for the time series input; 
𝑑_𝑦 is the maximum delay for the time series output. 


A Deep LSTM model layers:

Table 1. The network analysis results of the deep LSTM model.

I N O O I

Sequence input with 5 dimensions Sequence Input
LSTM with 100 hidden units LSTM 100 Input weights 400 x5
Recurrent weight 400x100
- Bias 400x1
& Dropoutt Dropout 100 -
LSTM with 150 hidden units LSTM 150 Input weights 600 x100
Recurrent weights 600x150
- Bias 600x1
i Dropout2 Dropout 150 -
LSTM with 200 hidden units LSTM 200 Input weights 800 x150
Recurrent weights 800x200
- Bias 800 x1
Dropout3 Dropout 200
LSTM with 250 hidden units LSTM 250 Input weights 1000 %200
Recurrent weights 1000%x250
- Bias 1000x1
0 Dropout4 Dropout 250 -
1 fully connected Fully connected 1 Weights 1%x250
" Bias 1x1
- Regression output with 1 neuron Regression output - -
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We designed a Deep LSTM model with 11 layers in the following details :

Input layer: we represent every trading day in our dataset as sequence input with a vector of 5 dimensions array 〖(𝑥〗_𝑡) consists of five features: open, high, low, adj close, and close 〖(𝑦〗_𝑡). 
Four LSTM layers: four main layers of the LSTM are corresponding to the following numbers of neurons for each of the LSTM layers in a set of {100, 150, 200, 250}. We use the diagnostic on the LSTM fit for a set of the number of epochs is {10, 20, 30, 40, 50}. Each LSTM layer is linked to a dropout layer. 
�
Four dropout layers: to avoid the problem of overfitting, we have to design the dropout layer, which is added to the model with four dropout layers. Those are corresponding to a reasonable probability default of 50%.  
�
One fully connected layer: designs output of the LSTM layer to a requested output size as one fully connected layer with one neuron. 
�
Regression output layer: the activating function of the output layer uses linear as an approximation prediction of the true value with one neuron output for prediction of the close prices (𝑌_(𝑡+1)).



Stock prices datasets: e v

Stock Price

Table 2. The details of stock prices datasets from yahoo’s finance data.

: Training set Testing set 0.5 ' ' ' - .

dataset 80% 20%

a)

« 102 Stock Price of S and P 500 Index

L) le]p (s open, low, high, February 2010 - February 2018 -
Industrial close, adj close, January 2018  February 2020 st
volume (2012 days) (499 days)

Stock Price

<1l L open, low, high, February 2010 - February 2018 -
Index close, adj close, January 2018  February 2020
volume (2012 days) (499 days) 15)

0 500 1000 1500 2000 2500 3000
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b)
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We have used the datasets form yahoo’s finance website. 
Both of the datasets contained data about the daily prices from 11-02-2010 to 10-02-2020. 
We have divided the dataset into the training set and the testing set. 


The experimental results

Table 3. The experimental results of Deep LSTM model has 4 main LSTM layers with the corresponding

numbers of neurons {100, 150, 200, 250}.

Historical stock

Epochs/

Forecast measures

_ _ ! RMSE MSE MAPE %Accuracy
price data iterations
Dow Jones Industrial
s 9.2103 8.4830 0.1637 83.62
s 20 9.1710 8.4107 0.1641 83.58
s 30 9.4367 8.9052 0.1701 82.98
s 40 9.5171 9.0575 0.1716 82.83
I 50 12.6853 1.6091 0.2512 74.87
S and P 500 Index
s 10 9.3511 8.7443 0.1672 83.27
s 20 8.4165 7.1673 0.1413 85.86
s 30 8.8523 7.8673 0.1559 84.40
s 40 8.7039 7.5758 0.1534 84.65
- 50 9.2103 8.4830 0.1637 83.62
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From Table 3 show the experimental results of Deep LSTM model ;

In Dow Jones Industrial dataset, the best results in the red color of the RMSE, MSE, MAPE and Accuracy of our Deep LSTM are 9.2103, 8.4830, 0.1637 and 83.62, respectively. 

On the other hand, in S and P 500 Index dataset, the best results in the red color of the RMSE, MSE, MAPE and Accuracy of our Deep LSTM are 8.4165, 7.1673, 0.1413 and 85.86, respectively. 
 



The experimental results
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Figure 4. The best results of the original and the predicted stock prices (close price) on testing data.
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Figure 4  on the left side show the original and the predicted stock prices (close price) on testing data on Dow jones industrial index,  and the right side is the you can see the original and the predicted stock prices (close price) on testing data on S and P 500  index , the graph blue line is the original test data and the red line is the predicted values.



Comparison:

Table 4. The results of our proposed Deep LSTM model compared with other models on Dow Jones Industrial.

Performance
Measure References

% Accuracy
83.62 This paper
71.89 [17]
Events Embedding and Technical 69.86 [18]
Indicators on CNN+LSTM
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We have selected the best prediction values for our proposed Deep LSTM model obtained in Table II to compare with the experimental results of other researchers studied as researches related to predict the stock prices market. 

Table 4 shows the comparison results of our proposed Deep LSTM model with other researches in Dow Jones Industrial index
We found that the experimental results of our proposed Deep LSTM model on Dow Jones Industrial leads to  the best accuracy results of 83.62% when compared to other benchmarks models; REK [17] leads to an accuracy of  71.89% and CNN+LSTM [18] leads to 69.86%, respectively.  



Comparison:

Table 5. The results of our proposed Deep LSTM model compared with other models on S and P 500 Index

Performance

Measure References
% Accuracy

Deep LSTM 85.86 This paper

Variational Autoencoder LSTM (VAE-LSTM) 84.30 19]

Recurrent Embedding Kernel (REK) 71.43 17]

Events Embedding and Technical Indicators on 62.02 18
CNN+LSTM
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Table 5 shows the comparison results of our proposed Deep LSTM model with other researches in S and P 500 Index
We found that our Deep LSTM model has the best accuracy results of 85.86% when compared with accuracy results of other reference models. VAE-LSTM [19] leads to an accuracy of 84.30%, REK [17] leads to  71.43% and CNN+LSTM [18] leads  to 62.02%, respectively.



Conclusions :

We have presented a deep learning approach for stock prices prediction by using a
for the issue of the daily stock prices data.
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Our research presents a Deep Machine Learning technique in forecasting daily stock value price by using the technique of Deep Learning based on the model of Long Short-Term Memory (Deep LSTM). The daily stock data which was stored on the Yahoo Finance website for more than 10 years from February 2010 until February 2020 have been used. 

The experimental data have been selected from two databases namely Dow Jones industrial data and S and P 500 stock market indices. In designing a forecasting model, there have been selected as input data open, high, low, adj close, close and estimate closing price of daily stock market. Test results clearly shown that the Deep LSTM model have confirmed to be effective in predicting closing price of the stock market with the most accurate prediction values. 

The results of the Dow Jones industrial stock forecast have led to the least predictive error in RMSE, MSE, MAPE measurements of 9.2103, 8.4830 and 0.1637 respectively with an accurate prediction of the stock market closing price as high as 83.62 percent.  The S and P 500 index prediction showed the least predictive error in RMSE, MSE, MAPE gauges at 8.4165, 7.1637 and 0.1413 respectively with an accurate prediction of the stock market closing price as high as 85.86 percent. 

The experimental results clearly show that our Deep LSTM model has the highest accuracy values ​​when comparing with other related researches. Hence, we can conclude that our Deep LSTM model is suitable for accurate prediction of the stock market time series.
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