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ABSTRACT

Using deep learning to make predictions about stock market prices and trends has never been more popular than
it is now, thanks to the advent of big data. Two years of data from China's stock market were analysed in order
to develop an algorithm for predicting stock market trends using feature engineering and deep learning.
Preprocessing of the stock market dataset, use of several feature engineering techniques, and a tailored deep
learning-based system for stock market price trend prediction make up the full solution given here. As a result of
our in-depth testing of commonly used machine learning models, we believe that our proposed approach
surpasses them all. Overall, the approach has a high degree of accuracy in predicting stock market trends. This
work adds to the stock analysis research community in both the financial and technical areas by designing and
evaluating prediction term lengths, feature engineering, and data preprocessing approaches in depth.

1. INTRODUCTION

Stock market price trend prediction is a hot topic for financial and technical experts alike because it is one of the
most important topics to investors. In this study, our goal is to develop a state-of-the-art prediction model for
short-term price trend prediction.

Since market efficiency and noise are both widely regarded as semi-strong in the financial sector, predicting
financial time series is infamously difficult, according to Fama's findings. Artificial neural networks (ANNs)
were employed in stock market price prediction by Wang et al. in 2003, and they focused on market volume as a
specific feature. S&P 500 and DJI datasets, which they used, did not show any improvement in forecasting
accuracy when the volume was increased. For short-term forecasting, Ince and Trafalis used the support vector
machine (SVM) model. As a consequence of comparing MLP and SVM, they found that SVM performed better
in most cases than MLP, however the results were influenced by different trading methods. Conventional
statistical tools and signal processing techniques were being used by finance researchers to analyse stock market
data.

It was also used to estimate the short-term price of a stock using optimization techniques like principal
component analysis (PCA). Stock market analysis research has broadened and shown that it still has high
potential over the years, with researchers not only focusing on stock price-related analysis but also attempting to
study stock market transactions such as volume burst risks. In recent years, many proposed solutions attempted
to merge machine learning and deep learning techniques based on earlier approaches, and then presented new
metrics that serve as training features, such as Liu and Wang's work. Previous work in the field of feature
engineering can serve as a source of inspiration for our own study. Convolutional neural network (CNN) and
long short-term memory neural network (LSTM) models were proposed by Liu et al. to examine different

6048



International Journal of Early Childhood Special Education (INT-JECSE)
DOI: 10.9756/INT-JECSE/V1412.687 ISSN: 1308-5581 Vol 14, Issue 02 2022

quantitative tactics in the stock market. — LSTM preserves the time-series features for better profits while the
CNN is used for stock selection strategy. The CNN automatically extracts features based on quantitative data.
New research presents a hybrid neural network architecture that incorporates convolutional neural networks and
bidirectional long short-term memories to predict the stock market index.. There were several disputes regarding
whether or not the high expense of training neural network models was worth it, as researchers often presented
new neural network solution topologies.

2. SURVEY OF RELATED WORKS

Related works are discussed in this section. Technical and economical aspects of the relevant task were
examined.

Artificial neural networks (ANN) and genetic algorithms (GAs) were used to build a model that predicted the
stock price index. Technical indicators and the direction of change in the daily Korea stock price index are
included in their research (KOSPI). They drew on data spanning from January 1989 to December 1998, which
included samples of 2928 trade days. They also used an approach related to dimensionality reduction called
optimization of feature discretization. They used GA to optimise the ANN, which is one of the strengths of their
work. In the first place, the number of input features and processing elements in the hidden layer is fixed at 12.
Additionally, the authors only considered two aspects of optimization when developing their ANN. Despite this,
they remained convinced that GA may be a powerful tool for feature discretization. The features we've chosen
to use as part of our initialised feature pool are referred to as that. An artificial neural network model developed
by Qiu and Song may also be used to accurately anticipate the direction of the Japanese stock market. The
hybrid GA-ANN model used in this study is a combination of genetic algorithms and artificial neural network
models.

Various feature selection strategies for data mining applications were thoroughly examined by Piramuthu in.
When it came to selecting features for the decision trees he compared the performance of numerous strategies
for selecting features from various datasets, such as credit approval data, loan defaults and online traffic data, as
well as tam and kiang datasets Probabilistic distance measures included the Bhattacharyya measure, the
Matusita measure, the divergence measure, the Mahalanobis distance measure, and the Patrick-Fisher distance
measure. This is a nonlinear (Parzen and hyper-spherical kernel) distance measure, which is used for inter-class
distance measures. Strengths of this research include the evaluation of probabilistic distance-based and various
inter-class feature selection approaches. A key strength of this paper is the evaluation, which was based on
multiple datasets. However, simply a decision tree was used as the evaluation technique. We can't say for sure if
the feature selection approaches will continue work the same way on a larger dataset or a more complicated
model; this is an open question.

The Hidden Markov Model (HMM) was used by Hassan and Nath to estimate stock values for four different
airlines using the stock market. In order to simplify the model, they break it down into four states: the starting
price, the closing price, the top and bottom prices. Expertise is not required to develop a prediction model in this
paper's technique. A generalizable prediction model may not be possible with this research because it is
restricted to the airline industry and only evaluated on a small sample size. It is possible to use a stock market
prediction-related method to conduct the comparative work. The training and testing datasets included a
maximum two-year date range, which we used as a date range for our evaluation.

3. METHODS

Methods and design for the suggested solution are discussed in this section. The architectural and algorithmic
and implementation aspects are also covered.

Problem statement

We looked at several aspects of short-term price trend forecasting, including feature engineering, financial
domain knowledge, and prediction algorithm, to find the best potential solution. After that, we tackled three
research questions, one for each of the three aspects: The accuracy of model predictions can be improved
through feature engineering, but how? What are the implications of finance research for the development of
prediction models? How do you go about projecting short-term price changes with the most accuracy?

Feature engineering is the initial research question. We are interested in finding out how feature selection affects
the performance of prediction models. There are numerous past studies that show that stock price data has a
significant level of noise and correlations across components, making it infamously difficult to anticipate prices.
That is also the fundamental reason why the feature engineering element was introduced as an optimization
module in the majority of earlier works.

The effectiveness of financial domain results is the second study question. In contrast to prior studies, we will
evaluate the efficiency of newly added features that we retrieved from the financial sector in addition to the
typical evaluation of data models such as training costs and scores. We'll take a look at a few aspects of the
financial world. It is necessary to further analyse the raw data in order to make it useful, as we were only able to
collect a few particular findings from earlier studies. We mix the financial domain features with other common
technical indices to vote out the aspects with a greater impact after extracting related features. In the financial
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world, there are various qualities that are said to be effective, and we could not possibly discuss all of them here.
As a result, we are attempting to address a hidden research question: how to properly translate financial findings
into a data processing module of our system design.

What algorithms will we use to model our data, according to the third research question? Researchers have been
focusing on predicting the exact pricing of a product based on prior studies. First, we try to predict the general
trend, and then we try to pin down the particular figure. The first step is the topic of this study. As a result, the
goal has been changed from solving a classification problem to finding a means to effectively reduce the
detrimental effect brought on by the high amount of noise. Decompose the problem into sub-problems with less
dependencies and resolve them one at a time, before compiling the results into an ensemble model for use in the
context of investment behaviour reference.

To anticipate stock price changes, academics have previously used a variety of models. Even though machine
learning techniques are widely used, in this study we will compare our approach to the best-performing machine
learning models and determine the answer to this research topic.

Proposed solution

It's possible to divide the high-level design of our proposed solution into three sections. The first step is to
ensure that the features that are picked are extremely effective. The second step is to examine the data and
reduce its dimensionality. Finally, and by far the most important aspect of our work, we developed a model for
predicting the performance of target stocks. Figure 2 displays the suggested solution's high-level design.
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Fig. 1 High-level architecture of the proposed solution

Different types of stocks can be categorised in a variety of ways. Long-term investments appeal to some
investors, while short-term investments appeal to others. Stock-related reports often show an average
performance while the stock price increases dramatically; this is one of the occurrences that indicates the stock
price prediction has no fixed rules, thus finding beneficial characteristics before training a model on data is
necessary is necessary to find.

The short-term price trend forecast is the focus of this study. For the time being, all we have is the unlabeled
data. So, the first step is to identify and categorise each piece of information. Because our research is focused on
the short term, we use a comparison of the most recent closing price to the most recent closing price n trading
days ago. Price trends are marked as 1 or 0 depending on the direction of the movement. To be more specific,
the price trend for the nth day is predicted using indices from the indices of n 1st day.
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Researchers that used both financial and technical tools to analyse stock data were utilising rules to identify
high-quality stocks, according to earlier studies. Our feature extension design was influenced by their work and
the principles they established.

However, in order to ensure that the prediction model performs at its best, we will first look at the data. If all of
the features in the raw data are taken into account, not only will the computing complexity skyrocket, but it will
also have unintended side consequences on future unsupervised learning studies. In order to make certain that all
of the chosen features are effective, we use the recursive feature elimination (RFE).

Detailed technical design elaboration

An explanation of the technological design is provided in this section, in which numerous existing data
preparation, feature engineering, and deep learning techniques are combined, combined, and customised.
Detailed technical architecture, including data exploration and processing, is shown in Figure 2. Algorithmic
steps are included in each of the main procedures. The next part goes into greater detail about the algorithm.
This section's material will be devoted to demonstrating the data flow.

. I
: Feature Expansion | Legend
| I
| ]
| Feature I
| Expansion :
i

I

G
: l 1 : | Main |
| L I | Procedure !
| Calculating 1 Block
! Max-Min Scaling Polarzing Fluctuation I e - |
| Percemage :
i
i l |
| I Startof a
I ! Main
: Most Commanly Expanded ! Procedure
I ] U“fn;::“ cal Features :
I

l - Algonthm Step
Recursive '"""';::'r"::';m
Foature Comrpanets
Elsmanation

Pre- y
Goreale Prnapal PRG0S e

Coampanert

Input or Oulput
Data

Data into Time
Seres

( memover |

O Wl

|
|
|
|
| 1!
I it
I [
I 1
I '
I ! ;
Irrelevant Feature I | i
| Dbk ingaal Mairis ! !
| by Assembiing Al 1 ! LSTM Layer |
i Featuos 1 ! |
I 1 \
I ’ l \
Y | o ¥ |
RAalevant | Principal ! !
Fealura™ | Component 1! Output Layer I
| Analysis il ! eura
N | | : Network
. X I ' ' e _
i [
Al Relevant I L Predicted Pres Toend [
Features . ! I |
| : : . [
1! '
1! '

Fig.2 Detailed technical design of the proposed solution

We select the most often used technical indices based on the literature review and then feed them into the
feature extension technique to produce the extended feature set of the feature extension procedure.. From the
enlarged feature set, we'll cherry-pick the most useful I functions. We will then use the PCA algorithm to reduce
the dimension to j features by feeding the data with I selected features. The price trend prediction result is
obtained by feeding the data into the LSTM [10] model after it has been processed into a completed feature set.

4. RESULTS
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CONCLUSION

Extracting data from the Chinese stock market dataset, pre-processing it, then carrying out feature engineering
and developing a stock price trend prediction model based on the long short-term memory (LSTM). Two years'
worth of Chinese stock market data was gathered, cleansed, and organised by our team. With the help of real-
world investors, we analysed a variety of strategies and built a new algorithm component we called feature
extension. As part of a feature engineering strategy, we used the FE techniques with recursive features
elimination, followed by principal component analysis (PCA). LSTM prediction model and feature engineering
are used to create a customised system that exceeds the top models in most related studies in terms of prediction
accuracy. In addition, we conducted a thorough examination of this project. Findings that could lead to new
research problems in both technical and financial fields can be found by comparing the most commonly used
machine learning models with LSTM model under the feature engineering section of our proposed system.
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