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Daily Stock Price Forecasting
Using Deep Neural Network Model
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Abstract The application of deep neural networks to finance has received a great deal of attention from researchers
because no assumption about a suitable mathematical model has to be made prior to forecasting and they are capable
of extracting useful information from large sets of data, which is required to describe nonlinear input-output relations
of financial time series. The paper presents a new deep neural network model where single layered autoencoder and
4 layered neural network are serially coupled for stock price forecasting. The autoencoder extracts deep features,
which are fed into multi-layer neural networks to predict the next day's stock closing prices. The proposed deep
neural network is progressively learned layer by layer ahead of the final learning of the total network. The proposed
model to predict daily close prices of KOrea composite Stock Price Index (KOSPI) is built, and its performance
is demonstrated.

Key Words : Convergence, Stock Price Forecasting, Stock Price Modeling, Deep Neural Network, Deep Learning,
Time Series Forecasting
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Input variables of the proposed deep
neural network model
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(a) Learning autoencoder

Autoencoder
KOSPI
high, low, close

(b) Learning the 1% multilayer neural network
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(c) Leaming the 2™ multilayer neural network
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Fig. 2. Learning procedure of the proposed deep

neural network
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Table 2. Deep neural network parameters for the
KOSPI prediction model

Model n, Npq Ny
DNN1 4 31 26
DNN2 4 4 8

7, The number of neurons in autoencoder layer
Ny,1: The number of neurons in the 1* hidden layer

1,5 The number of neurons in the 2 hidden layer
DNN: Deep Neural Network

Table 3. The variance percentage of each principal

component(PA)

PA P(%) PA P(%)
1 72.8230 7 0.7265
2 14.4718 8 0.6234
3 6.1337 9 0.5755
4 2.6476 10 0.1897
5 08715 1 0.0727
6 0.8316 12 0.0331
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Table 4. KOSPI prediction errors

MAPE
Model
Learning Test
Fuzzy Model[19] 1.0390 1.0630
Neural Network{19] 08770 1.1400
DNN1 06412 0.6896
DNN2 0.6748 0.6672
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3. Output comparison of KOSPI daily close
prices in the learning
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5. Predicted daily close price in the learning
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