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Abstract: Predicting stock prices is one of the difficult issues for researchers and investors. The study suggests an 

equity price prediction based on feature neural network extraction. We expect the stock price using technovative 

forecasting from traditional Machine Learning (ML) models namely Linear Regression (LR), Autoregressive 

Integrated Moving Averages (ARIMA), and advanced Deep Learning (DL) algorithms such as Long Short-Term 

Memory Recurrent Neural Network (LSTM-RNN) and Convolutional Neural Network-Long Short-Term Memory 

(CNN-LSTM). We select seven features based on historical data: date, close, open, high, low, volume, and change 

%. The study’s novelty is the prediction accuracy compared to the step-by-step backtesting methodology from ML to 

DL algorithms. We first use CNN to extract features from the data consisting of the items from the preceding 10 days 

to 100 days. After that the extracted feature data and LSTM to predict the stock price. Finally, the study used robotic 

error measure analysis, such as MAE, RMSE, and R2, to assess the forecasting accuracy of all four models. The 

CNN-LSTM model provides a consistent stock price forecast based on error measures with maximum prediction 

exactness ranging from 0 to 1, such as MAE-0.03, RMSE-0.04, and R2-0.98. The proposed CNN-LSTM model 

maintained its efficiency throughout the process when compared to the LR, ARIMA, and LSTM-RNN models. The 

study conducts a robustness hypothesis check using the ANOVA test statistic for superior predictability accuracy. In 

addition, this forecasting technique gives academics real-world experience analyzing financial time series data and 

confident investment ideas to investors. 

Keywords: Equity Prediction, Linear Regression, ARIMA, LSTM-RNN, Deep CNN-LSTM 

 

1. Introduction 

A stock market is a cluster of marketplaces and 

trading venues where people are involved in financial 

transactions such as purchasing, positioning, and 

investing in shares of publicly traded corporations. 

Predictions about the stock market inevitably become 

hot topics because it’s a very dynamic and unpredictable 

area. Over the past ten years, academics have focused 

a great deal of emphasis on stock market prediction 

(SMP) because of the chaotic, non-parametric, high-

noise, fluctuating, and non-linear characteristics of stock 

data [1]. The accurate forecast of stock values depends 

on the application of artificial intelligence (AI), 

particularly machine learning (ML) and deep learning 

(DL) technological models. Some academics utilize a 

linear forecasting model based on statistics and 

probability theory to predict short-term stock prices from 

long-term data, as the stock market covers time series 

data that can be seasonal [2-3]. Many use cases, 

including accurate stock price predictions, net asset 

value predictions [4], bond market predictions [5], image 

processing [6], learning in games [7], neuroscience [8], 

energy conservation [9–10], and skin cancer diagnostics 

[11–12], have demonstrated the remarkable 

effectiveness of Deep Learning models, particularly the 

Convolution Neural Network Long Short-Term Memory 

(CNN-LSTM) model. No other application has shown as 

much success in Deep Learning models [13-14]. The 

recent advancements in hybrid CNN-LSTM applications 

precisely predict stock prices with less execution time 

and multiple connections consisting of both LSTM and 

CNN layers. An investor’s primary concern regarding the 

stock market is the fluctuating pattern of the stock price 

[15]. Most stock price changes are not linear. Stock price 

fluctuations have always been difficult for analysts to 

forecast in advance [16]. To improve stock price 

prediction, machine learning techniques such as CNN-

LSTM, Autoregressive Integrated Moving Averages 

(ARIMA), Long Short-Term Memory-Recurrent Neural 

Networks (LSTM-RNN), and Linear Regressions (LR) 

are employed. According to Sharma et al. [17], DL and 

ML algorithms are essential for forecasting a country’s 

economic future and require these forecasts to make 
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wise investment decisions in the financial market. Even 

during periods of extreme market volatility, like the 

COVID-19 pandemic in March and April 2020, our 

research attempts to develop the finest forecasting 

algorithm for precise stock price predictions and 

investment decision-making for days in a row. The CNN-

LSTM, LSTM-RNN, ARIMA, and LR algorithms are the 

most popular models for predicting stock return and 

volatility, while several models have been presented in 

the financial literature [18–19]. 

The study aims to improve the background and 

briefly discuss each baseline model’s shortcomings. 

Linear regression’s sensitivity to noise and outliers is one 

of its primary drawbacks when used for predictive 

analytics. Errors or random fluctuations in the data are 

referred to as noise, and data points that significantly 

deviate from the rest of the data are known as outliers 

[20]. The traditional ARIMA model is less able to adjust 

to new information, such as outside influences, holiday 

effects, and other erratic events, because it mostly 

depends on historical data [21]. The greater complexity 

compared to a basic RNN, the LSTM 

architecture is more difficult to comprehend and 

implement. Risk of overfitting due to their intricate 

architecture and numerous parameters, LSTMs are 

prone to overfitting, particularly in situations when there 

is a shortage of training data [22]. CNNs also have 

certain drawbacks that limit their efficacy and 

usefulness. The main disadvantage of CNNs is that they 

require a large amount of labeled data to train effectively, 

which can be costly and time-consuming to obtain and 

interpret [23]. The limited capacity of LR and ARIMA 

family ML models to adequately capture the 

nonstationary and nonlinearity characteristics of 

financial time series [24-27]. Numerous academics have 

used DL models in recent years. The literature has 

proposed AI technique-based deep learning networks 

(DLNs) for time series prediction, such as LSTM-RNNs 

and CNN-LSTMs knowledge-based expert system 

algorithms. CNNs have been used extensively in recent 

years to predict financial data [1, 28-29]. However, since 

the CNN-LSTM hybrid model has been widely applied to 

the prediction of interface depth from gravity data, text 

sentiment classification, predictive indoor temperature 

modeling, day-ahead peak load forecasting, risk 

assessment, thermal comfort prediction in buildings, and 

the freshness identification of leafy vegetables [30-36]. 

The researchers proposed the hybrid deep CNN-LSTM 

method to address the limitations of this restricted study 

and provide reliable stock price prediction for the NIFTY-

100 Index.   

The objective of stock price prediction in the real 

world is to generate significant profits. Predicting the 

stock market’s performance is challenging. Other factors 

are also considered in the forecast, including physical 

and psychological traits, irrational and reasonable 

behavior, and so on. All of these factors combined result 

in dynamic and fluctuating share prices. It is quite difficult 

to generate precise stock price forecasts as a result. The 

present work aims to provide useful insights into NIFTY-

100 index share price prediction, the literature, 

methodology, and results & discussion. Several scale-

dependent error metrics, including Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), and R2, will 

be used to assess the predictive models. These 

measurements serve as standards for evaluating how 

effectively AI systems forecast stock values. Multi-input 

layer extraction and parameter optimization will be used 

to refine the suggested deep CNN-LSTM models for 

stock market investment decision-making. In addition, 

the study wants to confirm the normality assumption i.e. 

hypothesis testing for the machine learning and deep 

learning model’s prediction performance comparisons 

using MAE and RMSE metrics. Also, the research wants 

to confirm the robustness of the findings using a 

parametric approach.  

The rest of the document is structured as 

follows. Section 2 summarizes the literature-relevant 

work; Section 3 explains the ideas involved in this study; 

and Section 4 proposes a multi-kernel hybrid CNN-

LSTM, LR, ARIMA, and LSTM technique for stock price 

prediction. In the last section, conclusions and 

recommendations for additional research are provided 

after a comparison of the models and experimental 

results. 

 

2. Related Work 

This section discusses various technovative ML 

and DL models based on neural networks and features 

applied to BHARTIARTL (Bharti Airtel) 

telecommunication datasets that will be used to 

construct the models. 

 

2.1 Proposed deep CNN-LSTM Algorithm 

CNN is one of the deep learning techniques that 

was recently established and has shown remarkable 

effectiveness in solving the stock trend prediction 

problem. A hybrid CNN-BiLSTM-AM (attention 

mechanism) approach was projected by Lu et al. [37] to 

extract the closing price of the stocks the subsequent 

day. The study suggested seven additional models to 

compare the accuracy of the error metrics in the stock 

prices’ forecast. When the suggested model was 

contrasted with other models, the researchers 

discovered that it generated insightful forecasts and 

provided a trustworthy framework for investors to choose 

stocks. A hybrid model that integrated an LSTM and 

CNN for a precise stock price prediction was presented 

by Wu et al. [38]. The stock sequence array 

convolutional LSTM (SACLSTM) model was created by 

the study. Convolutional and pooling layers were used to 

build the CNN model and extract it for the LSTM model’s 

input vector. The work trials were conducted utilizing ten 

stock data sets from the US and Taiwan stock markets. 
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According to the researchers, the CNN-LSTM model 

generated more accurate predictions. Ishwarappa and 

Anuradha [39] suggested using deep CNN in 

conjunction with a reinforcement LSTM model to predict 

future stock prices using huge data. Several trials, 

including one month, one week, and one day ahead, 

were conducted by the study model. The model 

anticipated improved performance in terms of scale-

dependence performance measures, according to the 

simulation findings. The paper claims that the hybrid 

CNN-TLSTM (tanh-LSTM) model is highly effective at 

forecasting stock prices for complicated nonlinear data 

and the USD/CNY exchange rate to determine the rate 

for the next trading day. The MLP, CNN, and LSTM 

models have two major shortcomings: they only have 

one model structure and have poorer predicting 

accuracy. TLSTM and CNN make up the model; the 

TLSTM component extracts feature factors from the 

TLSTM component, while the convolution layer extracts 

feature factors from the input data. With extremely low 

MSE and MAE errors, this model can achieve 0.00038 

and 0.18945, respectively, with MAE and MSE errors of 

0.18945 and 0.00038 [40]. 

Nourbakhsh and Habibi [41] performed the 

model error in stock price trend prediction by combining 

the CNN and LSTM models with fundamental analysis 

elements such as profitability, P/E ratio, and the number 

of firm transactions. Four categories of finance, 

petroleum, basic metals, and non-metallic minerals were 

used in the study to assess the MAE and MAPE errors. 

According to the findings, the suggested model 

improved error prediction and performance. The CNN 

deep learning model was proposed by Kirisci and Yolcu 

[42] for stock price forecasting. Three convolutional 

layers, five fully connected layers, and Relu and Elu 

activation were used to select the composite model. The 

dataset was linked to the Financial Time Stock 

Exchange for London stock market data (FTSE) and the 

Taiwan Stock Exchange Capitalization Weighted Stock 

Index (TAIEX). When compared to ANN, LSTM, fuzzy-

based approaches, and other conventional methods, the 

researchers discovered that the predicted CNN model 

showed an exceptional performance. A deep CNN 

network model, was employed by Mukherjee et al. [43] 

and was widely utilized to forecast stock market prices. 

Therefore, the accuracy of the CNN model was 98.92%, 

while the ANN model’s accuracy was 97.66%. As an 

outcome, a better prediction was created using the data 

from the quantized dataset inside a specific time frame. 

 

2.2 Deep LSTM-RNN Algorithm 

The effectiveness of the LSTM depth network in 

the field of stock price prediction is worthy of further 

exploration. An LSTM deep learning model was used by 

Yadav et al. [44] to predict time series in the Indian stock 

market. According to the study, the LSTM model’s 

performance was mostly determined by the selection of 

some hyper-parameters, which had to be done carefully 

to provide positive outcomes. According to the study’s 

findings, stateless LSTMs are more stable than stateful 

LSTMs. Moghar and Hamiche [45] applied an RNN-

based LSTM model to predict the two stocks in the New 

York Stock Exchange (NYSE) i.e., GOOGLE and NKE 

extracted from Yahoo finance stock price. The study 

covered the period from 8/19/2004 to 12/19/2019 and 

1/4/2010 to 12/19/2019. The study discovered that both 

assets’ opening price evolution could be tracked by the 

deep learning algorithm. 

Bathla et al. [24], investigated the LSTM model 

with Adam optimizer, and the sigmoid activation function 

was tested and trained in the model. The duration of the 

study was conducted from Jan 2010 to March 2020. The 

proposed model MAPE score was NSE (3.89), BSE 

(1.21), NASDAQ (3.01), NYSE (1.19), Dow Jones (2.03), 

and Nikkei 225 indexes (0.86) respectively. The study 

used the 60-day window size for the stock price 

prediction. The experimental analysis proved that the 

LSTM model provided adequate accuracy. Perry and 

Jacqueline Rose [46] used a single-layer and multilayer 

LSTM neural network model to predict the next-day 

closing price of the S&P 500 index. The study used the 

correlation coefficient (R), RMSE, and MAPE to 

compare the performance. In comparison to multilayer 

LSTM models, the experimental result shows that the 

single-layer LSTM model offers a better fit and higher 

prediction accuracy. The LSTM and Support Vector 

Regression (SVR) models were trained and tested using 

the study. The study was carried out utilizing publicly 

available data, specifically Japanese stock data. MAE, 

RMSE, and MSE were the three metrics used to 

compare the model’s accuracy. With an MAE of 

0.009058733, an RMSE of 0.011169727, and an MSE of 

0.000124763, the analysis revealed that the LSTM with 

the dropout strategy yielded the best results [47].  

An empirical study of LSTM networks about 

time-series prediction was carried out by Billah et al. [48]. 

The study used a variety of real-world data and offered 

quantitative insights regarding LSTM performance. In 

contrast to conventional forecasting techniques, the 

LSTM models showed an impressive 23.4% decrease in 

MAE. In particular, LSTM significantly outperformed 

baseline models, achieving an average forecast 

accuracy of 89.7% in financial market estimates. 

Dhokane and Agarwal [49] focused on combining the 

LSTM algorithm for stock price prediction with some 

EMAs (50-day, 100-day, and 150-day EMA) and other 

potential stock market indicators, such as the relative 

strength index (RSI). Using Yahoo Finance, the chosen 

dataset was obtained from NSE India. The findings 

demonstrated that the stock closing price prediction 

model’s performance was enhanced by the addition of 

technical indicators to the conventional open, high, low, 

close, and volume (OHLCV) model. The RMSE, MAPE, 

and R2 scores were the assessment metrics employed 

in this study. The suggested technique performs well in 
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stock closing price prediction, as seen by the decreases 

in the R2 score for the RMSE and MAPE. 

 

2.3 ARIMA Algorithm 

The study looked at the ARIMA model’s 

performance. This study sought to ascertain how well the 

ARIMA model predicted changes in the stock market. 

Accuracy was shown to be rather consistent across 

different volumes of the training dataset when the rank 

of the ARIMA model was determined using the Akaike 

information criterion (AICs). The model’s accuracy is 

gauged by the MAE. Although accuracy varies by sector, 

the model achieved an accuracy of 85% [50]. The 

ARIMA forecasting model was employed by Dadhich et 

al. [51] to predict stock prices. The study was chosen for 

the time frame of March 1–28, 2018. According to the 

findings, the suggested model was the most effective 

predictive model for short-term stock price forecasting. 

To anticipate the time series in their stock market 

prediction, Sirisha et al. [52] used the neural network’s 

LSTM method, ARIMA, and SARIMA. Not for SARIMA 

or LSTM, but only for ARIMA, the data has been 

converted into a stationary dataset. The approximate 

results of the study were 93.84% (ARIMA), 94.378% 

(SARIMA), and 97.01% (LSTM), with estimates for the 

next five years in mind. The results of the fitted analysis 

show that the LSTM performs better than both statistical 

models in terms of constructing the best model. The 

transformer model, a recently developed machine 

learning model, was applied by Muhammad et al. [53] to 

forecast the future stock prices of the Dhaka Stock 

Exchange (DSE), Bangladesh’s top stock exchange. For 

the majority of the equities, the experiments showed 

encouraging outcomes and a manageable root-mean-

squared error. The model’s performance was also 

compared to that of the well-known benchmark stock 

forecasting model, ARIMA, and the findings showed that 

it performed satisfactorily. 

 

2.4 Linear Regression Algorithm 

The linear regression machine learning method 

was trained and evaluated with Yahoo Finance data to 

predict a numerical value.   Means of Open, Low, High, 

and Close prices are the parameters. The multiple R-

value, according to the result, is 0.612. A score close to 

1 indicates that the regression line and the least squares 

value are appropriate and well-suited to the data [54]. 

Antad et al. [55] state that the main objective is to employ 

linear regression models to acquire more precise 

answers. The dataset that will be used to train the 

models can be altered to yield more accurate results 

from the linear regression models. This study showed 

that linear regression is the best and most appropriate 

technique for predicting stock market analysis. The 

results of the studies showed that the linear regression 

method outperformed other machine learning strategies 

in terms of accuracy. Nonetheless, other experts also 

mentioned that they intended to look into the possibility 

of using neural networks to anticipate stock market 

movements in the future. Sangeetha and Alfia [54] 

predicted a company’s stock price with a higher level of 

accuracy and dependability using machine learning 

techniques. The incorporation of the assessed linear 

regression model as a method for determining stock 

prices was the experts’ primary contribution. 

This study intends to advance knowledge by 

enhancing Bharti Airtel stock forecasts by integrating 

ideas from these diverse areas of literature and 

providing a thorough framework that integrates input 

characteristics with CNN filter optimization techniques 

and LSTM network layers. A more sophisticated and 

reliable strategy for predicting NIFTY-100 index equity 

prices will result from combining these components. 

 

3. Data & Methodology 

3.1 Dataset 

The proposed work involved gathering historical 

daily equity datasets of Bharti Airtel telecommunications 

sector (Index-BHARTIARTL) closing prices. The closing 

price for the following day is anticipated based on 

several influential characteristics, such as date, close, 

open, high, low, volume, and change %. The study used 

secondary data and the sources collected from 

published scientific articles. The datasets used for the 

work were gathered from Investment India’s official 

website for the 15 years from 2009 to 2023. The data 

analysis method is used by both ML and DL algorithms. 

The study approached data preprocessing and 

converted the unstructured, raw data into a better, 

normalized, and more understandable format with the 

help of robust training models. The data was prepared to 

enhance its quality. We used the training set and test set 

data in the same operating environment to compare 

CNN-LSTM with linear, ARIMA, LSTM, and other 

methods to demonstrate the efficacy of CNN-LSTM. 

Every experiment uses an Intel Core i3 processor 

running in a Jupyter Notebook environment hosted on 

the Python 3 Google Cloud compute engine backend 

platform. Data processing and feature development are 

done with Python software packages such as NumPy, 

Pandas, Seaborn, OS, Math, Sklearn MinMaxScaler, 

etc. Additionally, the statistical validation was performed 

using the SciPy package. The Matplotlib, Pmdarima, 

Dese, Sequential, and Scikit libraries are used to build 

and train all other machine learning models, whereas 

Keras is used to build deep learning models using the 

TensorFlow backend. 

 

3.2 Data frame efficiency and feature extraction 

The NIFTY 100 index Bharti Airtel 

telecommunications equity sector data sets are chosen 

as the experimental data for this experiment.  
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Table 1. BHARTIARTL daily datasets available for training and testing 

Index  Dataset Period Model Available Data Produced Data Trained Data Testing Data 

 

BHARTIARTL 

01-01-2009 

to 

29-12-2023 

Linear 3714 3714 2980 745 

ARIMA 3714 3714 2980 745 

LSTM 3714 3714 2980 745 

CNN-LSTM 3714 3614 2898 725 

                                                14,856 14,756 11838 2960 

Source: Compiled by Python 

 

Table 2. Data unique value in the CNN-LSTM model 

Date 3714 Change %    896 

Close 2867 Daily return  3702 

Open 2357 Moving average for 10 days 3665 

High 2620 Moving average for 50 days 3657 

Low 2699 Moving average for 100 days  3606 

Volume 1439 Data type  Int64 

Source: Compiled by Python 

 

Table 3. Data frame efficiency statistics of the proposed model 

BHARTIARTL- Daily Returns 

Data Unique Min. 25% 50% 75% Max. S. D 

MA for 10 days 227 300 341 475 1011 176 

MA for 50 days 239 301 340 470 970 171 

MA for 100 days 256 303 340 472 934 165 

Source: Compiled by Python 
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Figure 1. BHARTIARTL’s price history from 2009 to 2023 
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The Investment India website provided the daily 

available data for 3714 trading days between January 1, 

2009, and December 29, 2023. Seven technical 

indicators make up each piece of data: date, close, open, 

high, low, volume, and change %. Figure 1 shows the 

historical price returns of BHARTIARTL from 2009 to 

2023. The duration of data collection, the different 

scheme tags, the number of training and testing 

patterns, and the observed dataset that the models used 

are all listed in Table 3. 80% of the data was utilized as 

the training set for the LR, ARIMA, and LSTM models, 

and the remaining 20% was used as the testing set. 

The proposed CNN-LSTM model produced 

3614 data out of 3714 available data. The extracted 

dataset by the suggested model is 2898 for training and 

725 for testing i.e., 80% and 20%. Table 1 displays the 

complete training and testing dataset available for the 

study, which is 14856, produced data is 14756, trained 

data is 11838, and tested data is 2960. The available 

data was entirely generated for the following step in this 

case after the CNN-LSTM model eliminated the null 

value and the remaining forecasting model. The 

BHARTIARTL’s data frame efficiency from 2009 to 2023 

is extracted in Figure 2. The data unique value of each 

extracted feature produced by the model is given in 

Table 2. 

According to Table 3, using the proposed CNN-

LSTM model, extending the data frame values from 10 

days to 50 days the deviation level in daily return is 5, 

and from 50 days to 100 days, the deviation level in daily 

return is 6. 

 

 

 

3.3 Model Implementation 

The real issue in applied machine learning is 

model selection. As an easy-to-compute benchmark, we 

examine and contrast several predictive model types, 

such as deep CNN- LSTM, LSTM recurrent neural 

networks, ARIMA models, and linear regression. 

Because time series prediction involves the use of the 

deep CNN-LSTM model, it presents a particularly 

difficult task due to the presence of long-term trends, 

seasonal and cyclical oscillations, and random noise. 

The selected deep LSTM recurrent neural network 

model can be fitted using very straightforward criteria. 

Considering the extraordinary stochastic character of the 

training process, we use a range of training datasets to 

train residual models other than linear regression by 

averaging the cross-sectional ranks resulting from the 

projected possibilities. Every research period’s 

hyperparameter is individually optimized based on the 

classification performance. Figure 3 shows the non-

stationery dataset converted into the stationery return 

using the proposed CNN-LSTM hybrid model. 

 

3.3.1 Linear regression 

According to Larose et al. [56], linear regression 

is the first regression analysis technique that has been 

thoroughly studied and is frequently applied in real-world 

settings. The trend linear regression metrics were used 

to estimate the high-increase price of the stock over 

time, based on the association between selling price 

movement and period. 

We use simple linear regression, which consists 

of a regression model with a single independent variable 

and dependent variables.  

Figure 2. Data feature extraction of daily traded plots using CNN-LSTM 
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Predicting the stock price in the best-fit line 𝑌 is 

difficult due to the dependent variables, while the 

independent variable, represented by the following 

equation, is time [57]. 

Y =  β0 +  β1X   (1) 

Where the NIFTY-100 index equity share’s 

closing period and daily selling price are represented by 

𝛽0and 𝛽1𝑋. Given this, 𝑌 shows that, in addition to the 

capital investment and profit dividends, the expected 

value of the dependent variable equity shares between 

the purchase price and selling price has improved. 𝑋 

measures the daily movement of the selling price using 

the slope point. 

y =  mx +  c   (2) 

The final result, which quantifies the difference 

between each point in the dataset, is constant between 

𝛽0 and 𝛽1𝑋, the total squared errors. With the linear 

system, a straight line is fitted using the following 

equation to allow for the maximum possible sum of the 

position points in the dataset [58]. 

 

3.3.2 ARIMA 

The traditional notation (p, d, q) is used to easily 

classify the ARIMA model, where the parameters are 

replaced by integer values. The standard equation 

provided by Seabold and Perktold [59] for the p 

autoregressive model representation. 

yt =  c +  ϕ1yt −  1 +  ϕ2yt −  2 + ⋯ +  ϕpyt −  p +

 𝖼t           (3) 

In a pure AR model, 𝑦𝑡 is completely dependent 

on its previous value 𝑦𝑡 − 1, 𝑦𝑡 − 2 and 𝖼𝑡 stands for 

background noise. 

A typical representation of a 𝑑 in the model does 

such, where 𝐼 in ARIMA refers to Integrated. A non-

seasonal ARIMA model is created using the following 

formula by Seabold and Perktold [59], in which time 

series are different to create the stationary and coupled 

AR and MA models. 

y′t =  c +  ϕ1y′t −  1 +  ⋯ +  ϕpy’t −  p +  θ1𝖼t −

 1 +  ⋯ +  θq𝖼t −  q +  𝖼t       (4) 

Where the equation additionally included lag 

errors from the MA model and insulated values for 𝑦𝑡 

from the AR model. 𝑦’𝑡 indicates a series of differences 

made more than one. When data progress is steady, the 

ARIMA model’s order differencing (𝑑) takes a value of 1. 

The Moving Average (MA) in the ARIMA 

equation, however, is represented by 𝑞 in the model. 

Reversing to the AR model, the MA model is dependent 

on earlier forecast errors. Utilizing the equation provided 

by Seabold and Perktold [59] is a common technique for 

producing a moving average of 𝑞. 

yt =  c +  𝖼t +  θ1𝖼t −  1 +  θ2𝖼t −  2 + ⋯ +  θq𝖼t –  q

          (5) 

Where 𝖼𝑡 stands for anticipated errors in the 

future as well as white noise (amplitude of the spectral 

noise, η, for gravity measurements). The moving 

average window size approach, as explained by Harrop 

and Velicer, is commonly known as the q. Equations (3) 

through (5) then explained the ARIMA technique used in 

the observations. 

 

3.3.3 LSTM-RNN 

Selecting the data to be deleted from the cell 

state is the first stage in the LSTM process. The formula 

Figure 3. Daily return stationery from 2009 to 2023 
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provided by Lin et al. [60] is used by the forget gate (𝑓𝑡) 

to determine the subsequent choice. 

ft =  σ(XtUf +  St − 1Wf +  bf)     (6) 

LSTMs have one tanh layer (𝐶 ̃𝑡) and three 

logistic sigmoid gates, whereas RNNs only have one 

tanh layer. By looking at the next cell, it will determine 

which information is relevant and which may be 

disregarded. Zhang et al. [61] utilized mathematical 

formulas to calculate the two-input gate and tanh layer. 

RNNs only have one tanh layer, but LSTMs 

have three logistic sigmoid gates and one tanh layer (𝐶 ̃𝑡). 

It will determine which information should be discarded 

and which is necessary based on the next cell. Zhang et 

al.’s mathematical formulas are used to calculate the 

tanh layer and two-input gate [61]. 

it =  σ(XtUi +  St − 1Wi +  bi)        (7) 

C̃t  =  tanh(XtUc +   St − 1Wc +   bc)      (8) 

The next step is to modify the prior cell state, 

𝐶𝑡−1, and then use Zhang et al. 2021’s formula to 

evaluate the new cell state, 𝐶𝑡−1 given by Zhang et al. 

[61]. 

C1 =   Ct − 1 ⊗  ft ⊕  it ⊗  C̃t    (9) 

The ultimate determination concerning the result 

will be produced. Even so, the cell state will determine 

the filtered output that is produced. In this stage, the 

output gate (𝑜𝑡) determines how one component of the 

cell state will be fashioned as output. Once the cell has 

passed through the output gate and the tanh layer, which 

forces the values to be between -1 and 1, the cell state 

is determined using the following mathematical 

calculations by Zhang et al. [61]. 

(ot)  =   σ(XtUo +  St − 1Wo +  bo)  (10) 

St =  ot ⊗  tanh (Ct)    (11) 

The following terms were indicated by the 

aforementioned (6) – (11) formulations. The input 

weights are represented by 𝑈𝑓, 𝑈𝑖, 𝑈𝑐, 𝑎𝑛𝑑 𝑈𝑜   

represents the input weights, where 

𝑊𝑓, 𝑊𝑖, 𝑊𝑐, 𝑎𝑛𝑑 𝑊𝑜 represents the weight 

matrix, where 𝑏𝑓, 𝑏𝑖, 𝑏𝑐, 𝑎𝑛𝑑 𝑏𝑜 denotes the bias vectors, 

while the sigmoid function is denoted by 𝜎. 

 

3.3.4 DCNN-LSTM 

The CNN-LSTM parameters for the current 

investigation are shown in Table 4. According to the 

model, the network’s parameter values are built as 

follows: The data in the input training set is a four-

dimensional data vector (None, 1, 100, 1), where 100, 1 

represents the characteristic of the input dimension and 

1 is the timestep size.  

Table 4. CNN-LSTM BHARTIARTL parameter configuration 

Parameters Value 

Convolution layer filters 23 

Convolution layer kernel size 3 

Convolution layer activation function tanh 

Convolution layer padding Same 

Pooling layer pool size 2 

Pooling layer padding Same 

Pooling layer activation function Relu 

Number of hidden units in the LSTM layer 40 

CNN layer activation function Relu 

LSTM layer activation function tanh 

Final layer activation function Linear 

Time step 10 

Batch size 40 

Learning rate 0.0023 

Optimizer Adam 

Loss function RMSE & MAE 

Epochs 73 

Source: Compiled by Python 
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Figure 4. The CNN-LSTM model architecture 
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To extract added features and create a four-

dimensional output vector (None, 1, 98, 64), where the 

convolution layer’s filters have a size of 64. the one-

dimensional convolution layer receives the input first. 

When the vector moves on to the pooling layer, it 

similarly yields a four-dimensional output vector (None, 

1, 98, 64). Extending the model architecture in line with 

Sezer and Ozbayoglu [62]. To create new feature 

indices, the original image was convolved twice using a 

particular filter. The kernel size was about one, and the 

number of filters assigned was 64 and 128. In a random 

processing mode, every filter produced a separate 

convolution operation to provide a different filter effect. 

The greatest value in the convolutional matrix was then 

chosen using max-pooling. In the end, overfitting was 

avoided by flattening and connecting the neurons to the 

subsequent layer using a fully linked layer. Voting was 

then conducted to classify the retrieved feature 

information. The input layer, convolutional layer, pooling 

layer, flatten layer, LSTM layer, and fully connected layer 

make up the CNN-LSTM model, as seen in Figure 4. 

Consequently, parameter optimization was employed to 

get the optimal accuracy value  

 

3.4 Evaluation Metrics 

Regression metrics are quantitative tools for 

evaluating the goodness-of-fit of regression models and 

quantifying errors in values that differ from predictions. 

When assessing the effectiveness of prediction models 

that concentrate on continuous numerical outputs, 

several indicators are essential. 

The forecasting effect of CNN-LSTM is 

evaluated using the mean absolute error (MAE), root 

mean square error (RMSE), and R-square (R2) 

evaluation criteria. Forecast accuracy is often measured 

using the Mean Absolute Error metric. Regression model 

performance is frequently assessed using the MAE. The 

mean absolute difference between the projected and 

actual values is computed. A lower MAE indicates that 

the model is more accurate. Regression model 

performance is commonly assessed using the Root 

Mean Squared Error measure. It calculates the average 

size of the discrepancies between the actual and 

projected numbers. R2 is a statistical measure of how 

well a regression model fits data. It displays the extent to 

which the independent variable or variables can be used 

to predict the variance in the dependent variable. Better 

matches are indicated by higher R-squared values, 

which range from 0 to 1. 

The following formula is used to determine the 

MAE: 

𝑀𝐴𝐸 =
1

𝑛
 ∑ |𝑦 𝑖 −   𝑡𝑦𝑖|𝑛

𝑖=1    (12) 

The formula for calculating the RMSE is as 

follows: 

RMSE = √(∑(𝑌𝑖 − 𝑌𝑖)2 𝑛⁄ )  (13) 

Where 𝑦̂𝑖 is the predicted value and 𝑦𝑖    is 

the actual value. The lesser the value of 

RMSE, the healthier the prediction. The formula 

for manipulative the 𝑅2 is as follows:  

𝑅2 = (1 − (𝑆𝑆𝑅/𝑆𝑆𝑇)     (14) 

The sum of squared deviations between the 

actual values and the projected values from the 

regression model is known as the SSR. The variance 

that remains unresolved is calculated. The SST (Total 

Sum of Squares) is the sum of the squared differences 

between the mean and actual values of the dependent 

variable. It calculates the overall variance. 𝑅2 has a 

value range of (0,1). The forecasting accuracy increases 

with the distance between the predicted and real values 

from 0, as indicated by the values of RMSE and MAE. 

The model’s degree of fitting is higher when 𝑅2 is nearer 

1. 

 

4. Results and Discussion 

In the BHARTIARTL datasets, 80% and 20% of 

the datasets have been selected for training and testing 

by all four models including the proposed CNN-LSTM. 

The test set data is forecasted using the output of four 

training models, and the true value is presented in 

Figures 5–8 in comparison to the predicted value. This 

is carried out following the training of CNN-LSTM, LSTM, 

ARIMA, and Linear utilizing the processed training set 

data. To minimize the error in the results, the 

BHARTIARTL dataset has been subjected to an LSTM 

feature scaling of crucial data preprocessing techniques 

using mini-max normalization and a CNN powerful 

panda’s library for data cleaning, transformation, data 

analysis, data visualization, and reading the export & 

import databases. Additionally, the datasets used for 

testing and training were split into 80% and 20% 

components. Using genetic algorithm (GA) optimization 

techniques for tuning the hyperparameters, the 

researchers used a variety of kernel filter functions 

including linear, ARIMA, LSTM, and CNN-LSTM ML & 

DL models. Hence, the BHARTIARTL kernel and GA 

achieve a better regression result with a CNN-LSTM 

model MAE is 0.03, RMSE 0.04, and R2 0.98 which is 

significantly less than Wang et al. [63], Wang et al. [40], 

and most other published articles. The similar study error 

metrics of MAE, RMSE, and R2 results in the literature 

were 1.36, 11.73, and 1.02 was significantly more than 

the proposed CNN-LSTM models [64]. In Table 5, the 

proposed model score is in bold and it reveals less than 

1 is an acceptable error. The existing model error score 

is more than 1 which is not advisable. 
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Table 5. Comparison of BHARTIARTL’s four methods evaluation indexes 

Method   MAE RMSE R2 

Linear 88.98   112.21 0.58 

ARIMA 230.62 267.55 -0.52 

LSTM 15.53 19.32 0.93 

CNN-LSTM 0.03 0.04 0.98 

Source: Compiled by Python 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Predicting BHARTIARTL’s stock price with the linear regression model 

Figure 6. Predicting BHARTIARTL’s stock price with the ARIMA model 
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Table 6. Comparing the CNN-LSTM model’s MAE and RMSE to baseline methods 

Model 

Comparison 

Metrics Test F-value P-value Sig. (α) Conclusion 

CNN-LSTM vs.  

Linear 

Regression 

MAE & 

RMSE 

 

ANOVA 

 

74.96 

 

0.01 0.05 

 

Reject H0: CNN-LSTM has 

significantly lower MAE & RMSE 

than Linear Regression. 

CNN-LSTM vs.  

ARIMA 

MAE & 

RMSE 

 

ANOVA 181.92 0.005 0.05 Reject H0: CNN-LSTM has 

significantly lower MAE & RMSE 

than ARIMA. 

CNN-LSTM vs.  

LSTM-RNN 

MAE & 

RMSE 

 

ANOVA 84.21 0.01 0.05 Reject H0: CNN-LSTM has 

significantly lower MAE & RMSE 

than LSTM-RNN. 

Figure 7. Predicting the price of BHARTIARTL stocks using the LSTM-RNN model 

Figure 8. BHARTIARTL stock price prediction using CNN-LSTM 
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The expected and actual values of each method 

can be used to determine how well it performs. The 

CNN-LSTM model has the lowest MAE, RMSE, and R2 

values, whereas the ARIMA model has the highest error 

metrics, according to the data in Figure 9. When CNN- 
LSTM and linear are compared, the liner’s R2 value is 

low. However, the CNN-LSTM has the smallest error 

measurement metrics, approaching 0 to 1. The CNN-

LSTM designed in this work has a lower MAE, RMSE, 

and R2 following the CNN layer compared to deep 

LSTM-RNN. When comparing the LSTM-RNN error 

score with the other two machine learning models such 

as LR and ARIMA which have higher error scores. 

Using CNN to extract data features can 

significantly enhance LSTM’s predicting performance. 

According to the results, CNN-LSTM outperforms the 

other four methods. Hence, the investors of the firm and 

funding agency should take the correct predictive 

measure for forecasting the equity market by way of 

using an AI-based deep learning model that can be 

forecast well. Compared to the other three linear, 

ARIMA, and LSTM comparative models, the CNN- 

LSTM proposed model in this work performs better with 

fitting degree and error values. As such, it accurately 

indicates the day’s closing price and is a reference point 

for investors. Figure 9 presents the robotic error metrics 

findings of the four technovative models. 

The study wants to confirm the normality 

assumption for the Machine Learning and Deep 

Learning model’s prediction performance comparisons 

using daily MAE and RMSE. It also intends to verify the 

robustness of the findings using a parametric (ANOVA) 

test. Table 6 compares the CNN-LSTM model’s 

significant difference between the metrics against linear 

regression, ARIMA, and DLSTM-RNN models. 

H0: There is no significant change in MAE & 

RMSE among the CNN-LSTM and Linear 

Regression algorithms. 

H0: There is no significant change in MAE & 

RMSE among the CNN-LSTM and ARIMA 

algorithms. 

H0: There is no significant change in MAE & 

RMSE among the CNN-LSTM and LSTM-RNN 

algorithms. 

The ANOVA test consistently demonstrated 

statistically significant differences in various evaluation 

metrics (MAE, RMSE, and R2) between CNN-LSTM and 

the baseline models, with lower values observed for 

CNN-LSTM. Therefore, the evidence from the statistical 

tests strongly suggests that the DCNN-RLSTM model is 

a superior choice for the given dataset. Also, the 

proposed model’s capacity to capture both spatial and 

temporal dependencies in data leads to extra accurate 

and reliable predictions than the traditional statistical and 

Machine Learning models considered in this study. 

 

5. Conclusion 

This study uses the chronological aspects of 

stock price data to propose a CNN-LSTM projection of 

the closing price of equities for the subsequent day. This 

Figure 9. Robotic baseline models error metrics comparison 
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research uses the Bharti Airtel NIFTY- 100 Index’s daily 

equity price data as a case study to confirm the 

experimental findings. The research proposes step-by-

step backtesting from Machine Learning (Linear 

Regression and ARIMA) to Deep Learning (LSTM-RNN 

and CNN-LSTM) algorithms. In comparison to the 

LSTM-RNN, ARIMA, and Linear Regression models, the 

suggested CNN-LSTM model remained efficient 

throughout the procedure. In comparison to previous 

forecasting models, the CNN-LSTM scale-dependent 

error metrics of MAE, RMSE, and R2 remain below one, 

at 0.03 and 0.04 respectively. By comparing the R2 

value, the CNN-LSTM is 98%, LSTM-RNN is 93%, 

Linear Regression is 58%, and ARIMA is -52%. This 

indicates that the proposed CNN-LSTM model shows 

higher (98%) efficiency than baseline models. The 

ARIMA model is not advised because it produces 

negative predictions. The Linear Regression model and 

LSTM-RNN models are less appropriate than the CNN-

LSTM model. In addition, the study conducts a robust 

hypothesis ANOVA test for scientifically proven forecast 

performance of the projected CNN-LSTM model 

with superior predictability accuracy than the existing 

algorithms. Thus, CNN-LSTM is an influential tool for 

stock price prediction and supervised learning can 

improve the accuracy of share price forecasts to help 

society anticipate market trends and investors in society 

the ability to make informed decisions about their 

investments in advance. However, it ignores emotional 

variables including news and national politics. 
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