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ABSTRACT

Forecasting financial markets is particularly difficult due to the system's inherent non-linearity and
unpredictability. Traditional methods for creating stock market predictive models have several limitations, leading
to the widespread adoption of intelligent techniques. This study explores the application of neural network—based
regression models utilizing various technical indicators recommended by researchers. Stock index data, including
Open, High, Low, and Close values, are used to derive features, which are then selected using numerous existing
rank-based feature selection methods. A new index data set with a reduced feature subset is then provided to the
neural network—based regression models for predicting future values. Empirical results indicate that feature
extraction followed by feature selection can significantly enhance the efficiency of the ANN model. For the
experimental study, one years of historical daily Indian stock data were analyzed, From the original data, ten
technical-indicator-based features were initially extracted. A rank-based feature selection technique was then
applied, resulting in a reduced subset of five optimal features. Using this reduced feature set, the proposed neural
network—based regression models achieved a Mean Absolute Percentage Error (MAPE) of 0.594300 on the test
dataset.
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1. INTRODUCTION

Stock market is a complex and dynamic system with noisy, non-linear and chaotic data series. Prediction of a
financial stock market is more challenging due to non-linearity and uncertainty of the system. Conventionally,
technical analysis methods, that predicts stock prices are based on historical prices and volume, Advanced
intelligent techniques that are ranging from complete mathematical models and expert systems to fuzzy logic
networks [1], have also been used by many financial predictive systems for predicting stock prices based on
historical data [6]. In recent years, artificial neural networks have been widely adopted for stock market prediction
due to their ability to model complex and non-linear relationships; however, prediction accuracy remains highly
sensitive to feature redundancy and irrelevant inputs.

Neural networks have also been found very useful in stock market prediction. Artificial Intelligent techniques are
used by various authors [6]. Due to many drawbacks of traditional techniques for developing predictive model,
the approaches of computational intelligent methods have gain importance to predict the stock prices. Many
researchers utilized ANN [7] and Fuzzy logic for this purpose. This paper proposes an neural network—based
regression models stock market prediction framework that integrates technical-indicator-based feature extraction
with rank-based feature selection to reduce redundancy and improve prediction accuracy. neural network—based
regression models is utilized with special reference to feature extraction and selection. The original feature
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available in the Indian stock index is used to extract features based on five technical indicators suggested by many
authors. The feature selection is a technique that choose the best features among many and removes the
unimportant features to be finally utilized by neural network—based regression models. five out of ten features are
finally selected for stock market prediction.

2. STOCK DATA AND TECHNICAL INDICATORS
This study utilizes daily BSE 30 stock market data, which was obtained from (www.yahoofinance.com). The
dataset includes Date, Open, High, Low and Close, but only the first four features are employed to derive new

features using various technical indicators, as illustrated in Table 1. These technical indicators are commonly
applied in the development of numerous models, as recommended by financial expert.

Table I: List of Technical Indicators

S.No., Name of Technical Indicator Description

E tial Moving A . . .
xponential MOVINg Average EMA reduces the lag by applying more weight to recent price.

(EMA)
) Moving average Convergence- MACD measures the difference between security’s of 26-days and|
Divergence (MACD) 12 days EMA’s).

It shows price strength by comparing upward and downward

3 Relative Strength Index (RSI) close - to - close movements

It shows the location of the close relative to the high-low range
4 Stochastic Oscillator over a set number of periods.

It measures the percentage change in price from one period to the

5 Rate Of Change (ROC) next

MEFT is an oscillator that uses both price and volume to
6 Money Flow Index (MFI) measure buying and selling pressure.

It is a momentum indicator that is the inverse of the Fast

7 Willium %R Stochastic
Oscillator.

. o A/D is a Volume based indicator designed to measure the
Accumulation Distribution

8 ) cumulative flow of money into and out of security.
Line(A/D)

It measures Buying and selling pressure as a cumulative
9 On balance Volume (OBV) indicator that ads volume on up days and subtract volume
on down days.

It is the difference between the 3-day EMA and the 10-day EMA
10 | Chaikin Oscillator (CHO) of the A/D.
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The technical indicators were computed using standard parameter settings commonly adopted in financial
literature. Specifically, EMA was calculated using a 12-day period, MACD was computed as the difference
between 12-day and 26-day EMAs, RSI was calculated over a 14-day window, the stochastic oscillator used a
14day look-back period, and ROC was calculated as the percentage price change over successive periods.

3. STOCK MARKET PREDICTION TECHNIQUE

A. Radial Basis Function (RBF) Neural Network

Radial basis functions are effective tools for interpolation in spaces with multiple dimensions [9]. An RBF is a
function that is constructed based on a distance criterion relative to a center. One advantage of RBF neural
networks is their faster convergence compared to traditional multilayer perceptrons, although their performance
remains dependent on center selection and spread parameters. RBF Networks are essentially two-layer
feedforward networks [11]. The hidden nodes execute a series of radial basis functions, such as Gaussian functions,
while the output nodes perform linear summation functions similar to those in an MLP. The training of the network
is split into two phases: initially, weights are determined from the input layer to the hidden layer, followed by
weights from the hidden layer to the output layer.

B. Error Back Propagation Network (EBPN)

EBPN is a widely recognized prediction method recommended by [5], which can be trained using the well-known
Error Back Propagation Algorithm and serves as a generalization of the delta rule. For a specific input vector, the
delta value compares the output vector to the correct response. This technique is particularly beneficial for
feedforward networks. Back propagation [4] necessitates that the activation function employed by the artificial
neurons be differentiable. The backward propagation [8] involves transmitting the output activations through the
neural network using the training pattern target to produce the deltas for all output and hidden neurons. In this
study, the EBPN model was implemented as a multilayer feed-forward network consisting of one input layer, one
hidden layer, and one output layer. The hidden layer employed a sigmoid activation function, while the output
layer used a linear activation function. The network was trained using gradient descent back-propagation for a
fixed number of epochs until convergence.

C. Feature Extraction and Feature Selection

Feature extraction involves creating a new set of features from the existing ones, which can be crucial for analysis
and classification [2][10]. This method essentially transforms the attributes, resulting in new features that are
combinations of the original ones. The aim is to enhance the effectiveness and efficiency of analysis and
classification [12]. Conversely, feature selection focuses on identifying the optimal subset of features. It is
important to eliminate unnecessary features, as they can compromise the quality of the patterns discovered and
hinder accurate and efficient predictions [3]. This is often due to some columns being noisy or redundant. Such
noisy data complicates the process of uncovering meaningful patterns, and to find quality patterns, most data
mining algorithms require significantly larger training datasets when dealing with high-dimensional data. Feature
selection techniques automatically identify the most valuable features, addressing the issue of having excessive
data with minimal value.

4. FRAMEWORK FOR STOCK MARKET PREDICTION

The proposed framework for predicting stock market trends is illustrated in Figure 1 and can be divided into two
main components: feature extraction and selection, followed by stock value prediction. The initial component
focuses on data preprocessing, which involves the following steps:
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Step 1.1: BSE 30 index data is gathered from a financial website.

Step 1.2: Ten features were derived from five technical indicators based on different parameter combinations, as
detailed in Table 1.

Step 1.3: The index data, along with the extracted features, is normalized using a straightforward normalization
formula to scale the values between [0 1].
Normalization was performed using min—max scaling:

X = Xmin

Xnorm =
Xmax = Xmin

Step 1.4: A ranking-based feature selection method was employed, where features were ranked based on their
individual contribution to prediction accuracy. Features with lower ranks were iteratively eliminated,
resulting in a reduced subset of the most informative technical indicators.

Step 1.5: The data is split into two segments: training and testing. The training data is used for model development,
while the testing data is utilized for validating the predictive model.

The second component of this framework involves model construction and validation using ANN techniques,

which include the following steps:

Step 2.1: 80% of the data is used to build the model, while 20% is allocated for model validation using both the
RBFN and EBPN ANN techniques.
Step 2.2: Obtained forecasting next-day-close price from RBFN and EBPN are analyzed with the help of following

C€ITor measures:

n

1
Mean Absolute Error (MAE) = gz |Yaii - Ypiil ............... (D)
i=1
n
_ 1 Yo = Ypu
Mean Absolute Percentage Error (MAPE)= | — — | X100% . )
n= Yayi
1" 2
Root Mean Square Error (RMSE) = —Z (Yo = Ypii) 3)
n i=1 i i

_ Z‘l(;l(yaii - Ypii)z
S (Y — 7)°

R —Square (R) = 1

Where, Yai ; and Ypi ; are respectively actual and predicted values of stock price on a particular day i,

Y represents the mean (average) of the actual values and

n is the total number of days.
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Fig 1: Process of implementing stock market prediction with technical indicators
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5. RESULT AND DISCUSSION

Initially the normalized BSE Sensex dataset was evaluated using two neural network—based regression models,
namely EBPN and RBNF. The result is evaluated in the form of MAE, MAPE, RMSE and R Square that is
presented in Table II. As per the table it is clearly seen that the accuracy of prediction is not as expected. The value
of RMSE and R square is highly deviated from robust prediction. The non-linear behaviour of Actual Vs Predicted

is also identified by figure 2, that motivates us to improve experimental stock data.

In second phase of experimental work is initiated by generating new dimensions in stock data using technical
indicators. After applying feature selection techniques, the normalized BSE Sensex dataset was again evaluated
using two neural network-based regression model, namely EBPN and RBNF, and the results are presented in Table
1. The performance is measured using MAE, MAPE, RMSE, and R Square for two different feature sets
containing 10 and 5 selected features. From the table, it can be clearly observed that feature selection improves
the overall prediction performance of both models. In the EBPN model, reducing the number of features from 10
to 5 results in lower error values and a significant improvement in the R Square value, indicating better prediction
capability. Similarly, the RBNF model shows better performance compared to EBPN, achieving lower MAE and
RMSE values along with higher R Square values, especially when 5 features are used. This demonstrates that
selecting an optimal number of relevant features helps in reducing unnecessary information in the dataset and
allows the models to learn the underlying stock market patterns more effectively, leading to improved prediction

accuracy.
Table II: Comparative Evaluation of neural network-based Regression Model from Normalized BSE Sensex

Dataset
Regression Models MAE MAPE RMSE R Square
EBPN 0.128392 0.144774 14.689191 -71.180132
RBNF 0.758681 0.006473 0.005724 0.807451

Actual vs Predicted: Next Day Close Price

— Actual Data
=== EBPN Prediction
=== RBNF Prediction

0.9 4

Price

0.8 4

0.7 4

240

230

0.6
200 210 220
Time (Test Set Index)

Fig 2: Performance Comparison of EBPN and RBFN for Next-Day Stock Price Prediction
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Table III: Results after applying feature selection techniques with EBPN and RBNF

Regression Models No :(flzi:(:gres MAE MAPE RMSE R Square
EBPN 10 0.020641 0.023344 2.503159 -1.096037

5 0.008184 0.924800 0.010262 0.647735

RBNF 10 0.005724 0.758681 0.006473 0.849697

5 0.005255 0.594300 0.006391 0.863373

Actual vs Predicted: Next Day Close Price

0.96 {cmm Actual Data

=== EBPN Prediction
=== RBNF Prediction I
|

094
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0.90 1
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) T T T T
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Time (Test Set Index)

Fig 3: Performance Comparison of EBPN and RBFN for Next-Day Stock Price Prediction (using
technical indicators)

6. CONCLUSION

This study proposed a stock market prediction framework using neural network—based regression models
combined with technical-indicator-based feature extraction and rank-based feature selection. The experimental
results show that prediction accuracy using the original dataset was limited due to redundant and less informative
features. After applying feature extraction and selecting the most relevant features, the performance of both models
improved significantly.

Among the evaluated models, the RBNF regression model performed better than EBPN by achieving lower
prediction errors and higher R2 values. The best results were obtained using a reduced subset of five selected
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features, achieving a MAPE value of 0.594300. The findings demonstrate that selecting optimal features helps the
model learn stock market patterns more effectively and improves forecasting accuracy. Overall, the proposed
approach provides an efficient and reliable method for financial market prediction.
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