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Abstract

This study proposed a deep learning parallel model for stock price prediction using stock price data, technical
analysis data, and environmental factor data. The data set for prediction was divided into three, data set 1 is the
opening price, high price, low price, closing price, and trading volume, data set 2 added technical analysis data, and
data set 3 is the exchange rate that can affect the stock price. the overall industrial production index was added. The
deep learning model proposed DNN, LSTM, and 1D-CNN models as basic models, and a DCNN model that merged
ID-CNN based on the DNN model as a parallel model, and a DLSTM model that merged LSTM as a parallel
model. As a result of the experiment, the performance of LSTM and BiLSTM models was higher than that of DNN
and CNN, and in particular, the DLSTM model, a parallel model, performed the best. For the DLSTM model, which
is a parallel model, the RMSE of data set 1 was 0.0091, the RMSE of data set 2 was 0.0080, and the RMSE of
data set 3 was 0.0071. Data set 3, which combined all data, had the best performance.
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Table 1. secondary indicators and formula
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Table 2. Factors affecting stock prices

Variable Change Stock price impact
Interest increase degradation
rate reduction discount
Exchange rise degradation

rate discount Increase

Raw price rise Increase
materials price discount degradation
Economic boom Increase
change downturn degradation
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Table 6. Dataset

DataSet Independent and dependent variables
DataSet 1 | Open, high, low, volume, close (Price)
DataSet1 and 5-day and 20-day moving
DataSet 2 | average, CCl, fast stochastic, slow
stochastic
DataSet?2 and exchange rate, exchange
DataSet 3 | rate moving average, index of all industry
production
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Table 7. Hyper parameter
Hyper parameter Value
Learning algorithm Adam
Learning rate 0.001
Batch size 1
Epoch 50
Hidden activation function Relu
Qutput activation function Linear
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Table 8. Basic data results

Model Co. 1| Co.2|Co. 3| Co. 4| AVG
RMSE |0.1824 | 0.1809 | 0.2461 | 0.2588 | 0.2170
STDEV | 0.0013 | 0.0017 | 0.0016 | 0.0022 | 0.0017
RMSE [ 0.1775|0.1790 | 0.2434 | 0.2476 | 0.2119
STDEV | 0.0024 | 0.0009 | 0.0033 | 0.0023 | 0.0022
RMSE |0.1807 | 0.1806 | 0.2447 | 0.2521 | 0.2145
STDEV | 0.0019 | 0.0028 | 0.0029 | 0.0023 | 0.0025
RMSE |0.0219 | 0.0291 | 0.1203 | 0.0373 | 0.0521
STDEV | 0.0035 | 0.0058 | 0.0993 | 0.0009 | 0.0274
RMSE | 0.0260 | 0.0208 | 0.0304 | 0.0288 | 0.0265
STDEV | 0.0092 | 0.0065 | 0.0088 | 0.0066 | 0.0078
RMSE |0.1781 | 0.1745 | 0.2472 | 0.2516 | 0.2129
STDEV | 0.0012 | 0.0004 | 0.0005 | 0.0024 | 0.0011
RMSE | 0.0070 | 0.0063 | 0.0174 | 0.0057 | 0.0091
STDEV | 0.0020 | 0.0017 | 0.0099 | 0.0005 | 0.0035
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Table 9. Primary data and secondary indicator data results
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Table 10. All data results

Model Co. 1] Co.2|Co. 3|Co. 4| AVG
RMSE | 0.1835 | 0.1794 | 0.2442 | 0.2603 | 0.2168
STDEV | 0.0004 | 0.0019 | 0.0005 | 0.0011 | 0.0010
RMSE | 0.1742 | 0.1693 | 0.2415 | 0.2663 | 0.2128
STDEV | 0.0028 | 0.0044 | 0.0036 | 0.0016 | 0.0031
RMSE | 0.1725 | 0.1760 | 0.2459 | 0.2424 | 0.2092
STDEV | 0.0009 | 0.0008 | 0.0040 | 0.0019 | 0.0019
RMSE | 0.0342 | 0.0572 | 0.0176 | 0.1286 | 0.05%4
STDEV | 0.0044 | 0.0073 | 0.0000 | 0.0051 | 0.0042
RMSE | 0.0358 | 0.0353 | 0.0259 | 0.1192 | 0.0540
STDEV | 0.0031 | 0.0068 | 0.0019 | 0.0038 | 0.0039
RMSE | 0.1822 | 0.1759 | 0.2407 | 0.2527 | 0.2129
STDEV | 0.0009 | 0.0014 | 0.0001 | 0.0021 | 0.0011
RMSE | 0.0093 | 0.0063 | 0.0106 | 0.0060 | 0.0080
STDEV | 0.0021 | 0.0011 | 0.0017 | 0.0010 | 0.0015

DNN

CNN

MCNN

LSTM

BILSTM

DMCNN

DLSTM

Model Co. 1] Co.2|Co. 3|Co. 4| AVG
RMSE | 0.1003 | 0.1012 | 0.0860 | 0.1732 | 0.1152
STDEV | 0.0001 | 0.0008 | 0.0015 | 0.0006 | 0.0290
RMSE | 0.1046 | 0.1054 | 0.0844 | 0.1736 | 0.1170
STDEV | 0.0003 | 0.0041 | 0.0019 | 0.0003 | 0.0283
RMSE | 0.1069 | 0.1019 | 0.0842 | 0.1768 | 0.1175
STDEV | 0.0036 | 0.0025 | 0.0007 | 0.0015| 0.0297
RMSE | 0.0190 | 0.0237 | 0.0248 | 0.0175 | 0.0213
STDEV | 0.0046 | 0.0077 | 0.0101 | 0.0007 | 0.0030
RMSE | 0.0230 | 0.0202 | 0.0170 | 0.0183 | 0.0196
STDEV | 0.0063 | 0.0031 | 0.0014 | 0.0030 | 0.0020
RMSE | 0.1023 | 0.1005 | 0.0879 | 0.1719| 0.1157
STDEV | 0.0007 | 0.0009 | 0.0013 | 0.0018 | 0.0281
RMSE | 0.0060 | 0.0064 | 0.0091 | 0.0069 | 0.0071
STDEV | 0.0016 | 0.0020 | 0.0058 | 0.0023 | 0.0001
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