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ABSTRACT
Financial market analysis and prediction have been topics of interest to traders and 
investors for decades. This study assesses the performance of selected time series 
prediction methods like deep learning algorithms (Long short-term memory model 
(LSTM)), traditional statistical models (Seasonal Auto Regressive Integrated Moving 
Approach with eXogenous regressors (SARIMAX)), and advanced ensemble learning 
algorithms (XGBoost and FB-Prophet) using real-world data from the Indian financial 
market. The stock prices of Reliance Company serve as a case study, enabling a thorough 
evaluation of predictive accuracy and errors of the models. A pre-processing approach 
has been proposed and implemented, integrating significant economic factors (Gold 
Price, USD to INR conversion, Consumer Price Index (CPI), Wholesale Price Index (WPI) 
and Indian 10-year yield bond) and evaluated with technical metrics (Mean squared 
error, Mean Absolute Error and R2 Score). The study investigates how the inclusion 
of these factors impacts prediction accuracy across the selected time series prediction 
methods. The comparative evaluation of models before and after the pre-processing 
method sheds light on the evolving predictive accuracy of LSTM, SARIMAX, FB-Prophet, 
and XGBoost. The study showed that the SARIMAX (extension of ARIMA with seasonality 
and exogenous factors) and XGBOOST performed relatively well with the proposed 
approach while LSTM and FB prophet (though advanced) did not perform as expected 
in Indian financial markets. This research contributes to advancing the understanding 
of time series forecasting in the financial market of India, offering practical insights for 
decision-makers and researchers.
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1	 INTRODUCTION

Predicting the trends of financial markets has always been a challenge for people from various 
fields such as investors, academic researchers, financial analysts, traders, and brokers. Despite 
professionals using different strategies for short-term investment, long-term investment, or 
sheer academic pursuit, forecasting results play a vital role. In the studies of Obthong et al. 
in 2020 and Sonkavde et al. in 2023, financial markets comprised different segments such as 
bond markets, derivates markets, stock markets and commodity markets (Obthong et al., 2020; 
Sonkavde et al., 2023). A wide variety of techniques have been used in the past by traders 
such as swing trading, event-driven trading, momentum trading, trend-following trading, 
scalping, position trading and state-of-the-art algorithmic trading. However, all these trading 
methods have inherent limitations due to the nature of stocks. The inherent non-parametric, 
nonlinear, and non-stationary nature of stock prices, coupled with the noise in time series 
data, adds complexity to the prediction task (Abu-Mostafa and Atiya, 1996; Farid et al., 2023). 
Furthermore, this coupled with the influences from the political and economic environment 
around the stock market gives it further complexity to forecast the price. As traditional stati-
stical methods, including fundamental and technical analyses, grapple with limitations such 
as lagging indicators and prediction inaccuracies, the spotlight has shifted to cutting-edge 
machine learning and deep learning models in algorithmic trading. These artificial intelligen-
ce models based on historical observations of variable forms a relationship which is further 
used to extrapolate the data as its future predictions. The calculations and estimations pre-
viously done via statistics are being done by methods of machine learning such as the Long 
Short Term Memory method (LSTM) (Chen et al., 2015), Auto Regressive integrated Moving 
Approach (ARIMA) (Khashei and Bijari, 2011), SARIMA (Seasonal Auto-Regressive integrated 
Moving Approach) (Lee et al., 2008), Holt-Winters Exponential Smoothing (Dassanayake et al., 
2021), FB-Prophet (Sharma et al., 2022) introduced by Facebook and XGBoost (Gumelar et al., 
2020). While some of these methods have been around since the 1970s, others have been deve-
loped in the past decade with many hybrid models having the foundation of these basic models.

It is also important to know that majority of models known works on Artificial neural 
networks (ANN) as it is one of the most important type of non-parametric, non-linear time 
series model which have been used for time series forecasting (Khashei and Bijari, 2011). 
While the implementation of these models had been examined on various markets such as 
Hong Kong Stock Markets, Shanghai Stock Index, A-share market stocks in China, S&P 500 
Future, Shenzhen Component Index (SZI) and Chinese Securities Index (CSI) but a relatively 
smaller number of research has been done on Indian markets (Liu et al., 2023, 2024; Nasiri 
and Ebadzadeh, 2023). The studies by authors Sapre, Gori and Seah in 2023 quotes that “India 
is the fifth largest economy in the world and is 3rd in purchasing power parity according 
to International Monetary fund (IMF)” (Sapre and Gori, 2023; Seah, 2022). This can also be 
interpreted as there is an immense potential in the Indian market that investors, traders, 
and brokers can take advantage of and multiply their investment several times. But to get 
maximum returns, it is necessary to have more data regarding the performance of various al-
gorithmic models in Indian markets, the factors influencing the markets and its segments, the 
relation between these factors and performance of models and results of integration of diffe-
rent factors in different segments of markets. To gain insights into the methods, approaches or 
techniques that have been used or are currently being developed for stock price forecasting 
especially in the context of Indian market, studies such as Mehtab et al. in 2021 which focuses 
on utilizing LSTM-based models for stock price prediction, Singh and Borah in 2014, concen-
trating on forecasting State Bank of India (SBI) stock index prices through particle swarm 
optimization and fuzzy time series (FTS-PSO), and Mehtab and Sen in 2021, centred on pre-
dictions using Convolutional Neural Networks (CNN) and LSTMs, provide valuable insights 
in understanding the background and current trends in literature (Mehtab et al., 2021; Singh 
and Borah, 2014). The findings show that majority of publications have focused their research 
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on development of new hybrid models and their application in different domains. In the do-
main of financial markets, especially stock price forecasting, majority of the studies have also 
focused in establishing the relation between macroeconomic variables and stock prices but 
have not focused on the change in performance it brings to these forecasting models (Dhingra 
and Kapil, 2021; Subburayan et al., 2021). The methodologies are also majorly focused on the 
implementation of a single approach than the comparative evaluation of multiple models.

Another relevant thing to note is that the time span, nature of economy and sector (macro-
economic variables and industry type) affects the nature of data used for algorithm training. 
Therefore, to the best of author’s knowledge, this study, provides the missing knowledge for 
Indian markets and reliance industry for the decade of 2nd December 2013 to 30th November 
2023. This studies focuses on comparative analysis of selected models (LSTM, SARIMAX, 
XGBoost and FB-prophet) AND introducing the preprocessing approach of integration of ma-
croeconomic variables and assessing the impact on selected models AND the implementation 
of data on Reliance Industry Ltd. (2nd December 2013 to 30th November 2023) which is a mul-
tinational company holding stocks for different businesses. This combination gives the study 
a unique perspective and offers the insights for newer age models to be built in Indian mar-
kets or segments.

2	 CURRENT STATE

Investing in stock markets has been one of the approaches that has been employed by various 
traders, investors, businesses and dealers over the past decades to earn a significant sum of 
money over a period. In the past, fundamental techniques like candle charts analysis, ana-
lysing earning reports, dividend yield, quantitative analysis using statistics or mathematics 
model were used to forecast the prices and get better investment benefit ratio. After the imple-
mentation of Regulation National Market System in 2005, people started to focus on machine 
learning models due to its advantages which is speed, anonymity and certainty of execution 
with predefined criteria and strategies which can also be seen from the rise in number of pu-
blications in 2005 till date (Litzenberger et al., 2012). This has come today in form of various 
methods being developed to predict the stock prices considering all the possibilities.

The implementation of basics models like LSTM, ARIMA, GRU and others to various stock 
markets have provided the foundation to newer models. This has provided the data required 
in terms of how the market shifts when facing a crisis, or when a government change, or 
when a new economic policy is implemented. This data is the very precursor with which 
researchers try to compare the newly hybrid models. When looking with a cursory point of 
view, most of the models have been deployed or tested on American markets, Chinese mar-
kets, or European markets but not many models are tested in Indian markets (Liu et al., 2023, 
2024; Nasiri and Ebadzadeh, 2023). India being the world fifth largest economy in terms of 
GDP in 2023 still does not have the amount of data, there should have been. When searched 
with Scopus with the query “time series forecasting in India” refined with the keyword “fi-
nancial market” only 137  documents come to the view with being the study on ‘Bombay 
Stock Exchange’, ‘CNX Nifty’ and ‘S and P’ as oldest using vanilla GARCH model (Karmakar, 
2005). The number of search results can easily be interpreted as ‘low’ compared to the larger 
economies in the world. This study focuses on filling that literature gap and provide basic 
supporting evidence that will encourage the state of art hybrid model to be tested and deplo-
yed in Indian stock markets.

The study has been focused on implementation of machine learning models mainly LSTM, 
ARIMA, FB Prophet and XG-Boost on Indian markets. The study by Kumaria et al. in 2023, 
that have focuses on the LSTM to analyse how the neural network anticipates to stock’s price 
(Kumaria et al., 2023). In the study by Chatterjee et al. in 2022, GARCH based hybrid mo-
dels are employed to analyse the impact of these models on banking, IT and pharma sector 
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(Chatterjee et al., 2022). In the study by Srivastava et al. in 2023. The author used NIFTY 50 da-
taset along with financial and social indicators to predict the stock price with LSTM, SVM, 
KNN, Random Forest and gradient boosting regressor models (Srivastava et al., 2023). Another 
study by J.P.S.Kumar et al. in 2023 compares the ARIMA and RNN-LSTM on Sensex and nifty 
dataset (J.P.S. Kumar et al., 2023). The study by Sharma et al. in 2022, employed the Fb-prophet 
model in comparison to ARIMA on NSE and BSE dataset (Sharma et al., 2022). Most of the 
studies have utilised either one or two basic models but not four including FB prophet and 
comparing them to evaluate the results. The evaluation metrics (MSE, MAE and R2 score) has 
also been same to evaluate the efficiency of models throughout various studies, making them 
the priority in this study. Another differentiating factor is that most of these studies have em-
ployed the models on basic features of any stock price data (Open, high, low, close, adj. close 
and date) but have not included the major economic factors or variables.

The studies by Baranidharan et al. in 2021, Dhingra and Kapil in 2021 and Hussain et al. in 
2012 have supported the relationship between stock prices exchanges and macroeconomic 
variables but have not implemented them to the selected models and have not performed 
a  comparative analysis (Dhingra and Kapil, 2021; Hussain et al., 2012; Subburayan et al., 
2021). The study by Agarwal et al. in 2019, have utilised the technical indicators to support 
the hypothesis using O-LSTM model only (Agrawal et al., 2019).

The factor that these economic factors have been utilised with the integration of four diffe-
rent models make our study distinguished.

2.1	 Selection of Macro-economic factors

Economic indicators, macroeconomic variable or interest rates play a  significant role in 
influencing the financial markets especially stock prices. The economic factors chosen for in-
tegration are gold prices (Gold futures historical prices, 2023), Indian Rupees to United States 
Dollar (USD INR historical data, 2023), Indian 10-Year Bond yield price (India 10-year Bond 
Historical Data, 2023), Wholesale Price Index (India wholesale price index (WPI), 2023) and 
Consumer Price Index (India consumer price index (CPI), 2023).

Over the years, a lot of studies have indicated the relationship between gold prices and stock 
prices. In the study by Smith in 2001, the authors have provided the empirical evidence be-
tween gold price and stock prices by using four gold prices and six stock prices for the United 
States indices over the period 1991 to 2001 (Smith, 2001). The correlation was also unveiled in 
India by Bhunia in 2012, in which they which took stock prices of the National Stock Exchange 
(NIFTY) and the gold prices over April 2001 to March 2011 and by Patel in 2013, in which they 
took the Gold prices, Sensex , BSE 100 and Nifty for January 1991 to December, 2011 and 
performed ADF Test (Dickey and Fuller, 1981), Johansen’s cointegration test (Johansen, 1995) 
and Granger Causality test (Granger, 1969) to find the underlying pattern in the relationship 
(Bhunia and Das, 2012; Patel, 2013). Thus, we have used this indicator to provide more infor-
mation about the market to the models and to increase their efficiency.

The exchange rate has also been chosen to be one of the indicators as the various literatures 
have focused on the forex returns and stock prices. In the study by Batra et al. in 2020, the 
author concluded a negative relationship between the variables through Granger Causality 
test by using the data for 20 years i.e. from 25th January 2000 to 25th January 2020 (Batra et al., 
2020). In the study by Lakshmanasamy in 2021, the author concluded that there is a positive 
relationship between BSE SENSEX return and Euro/Rupee and there is a negative relationship 
between USD/INR, GBP/INR and the stock prices (Lakshmanasamy, 2021). Also, the prices of 
Gold in the dataset are in USD and after the incorporation of the price conversion, the analysis 
of result became much simpler.

The Indian 10-Year Bond yield price is a relatively new factor is incorporated in the study 
to see the impact in the stock prices forecasting results. In the study by Panigrahi in 2022, the 
authors have quoted that it is an economic indicator which acts as a benchmark in equity 
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market too (Panigrahi, 2022). They have also focused to determine a long-term relationship 
between stock market and long-term interest rate (Indian 10-year bond yield) using the 
Johansen's cointegration test and vector error correction mechanism. In the study ‘Identifying 
significant macroeconomic Indicators for Indian Stock Markets’ by Aithal et al. in 2019, the 
authors have taken 44 indicators among which the variable ‘government bond 10-year yield’ 
is an indicator and they have used this with the features of NSE Nifty and BSE SENSEX indices 
and have performed a regression analysis (Aithal et al., 2019). Thus, the factor becomes highly 
important to assess the impact of economic variables on stock market.

The other factors are WPI (Wholesale Price Index) and Consumer Price Index (CPI) which 
have been added to the economic variables list. The Wholesale Price Index usually represents 
the change in the price of goods sold by wholesale across India and consumer price index 
represents the change in price of goods or services from the point of view of consumers. They 
both are crucial factors impacting the interest rate or currency rates and other macroeco-
nomic variables which in turn impact the stock prices. Both of these indicators are used to 
measure inflation rate in India. In the studies by Hussain et al. in 2012 and Raheem Ahmed 
et al. in 2017, they have tried to assess the change in KSE 100 index through the variables 
that includes CPI and WPI and concluded that CPI and returns have a long-term relationship 
(Hussain et al., 2012; Raheem Ahmed et al., 2017).

3	 METHODS

3.1	 Selecting the models

As the domain of time series forecasting is significantly vast, various models have been used 
already for the implementation of stock price forecasting with newer models being developed 
every day. Thus, choosing any four models will be followed by the question why was that 
model selected. The bibliometrics offers a solution for this problem with the help of various 
analyses through quantifiable metrics as depicted in Figure 1. This helps in understanding 

Fig. 1:	 Tree map of most frequent keywords.
Source: compiled by the author
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that with respect to time series forecasting, financial markets and artificial intelligence, the 
most used models or approaches are LSTM and ARIMA.

Based on it, some models have been selected among which, two are traditional or foundati-
onal that have been used the highest number of times or have highest number of occurrence 
and two which are relatively state of art models. The selected state of art model is ensemble 
learning models like XG-Boost that also had a relation with time series forecasting. Another 
model like FB prophet was selected based on literatures. This will also be used to fill the lite-
rature gap in the domain and to understand the newer age model that have been classified as 
hybrid models. Thus, the models selected for the comparative analysis were LSTM, SARIMAX, 
FB-Prophet, XG-Boost.

3.2	 Database and Search Strategy

While analyzing multiple time series could provide more comprehensive findings by encom-
passing a broader spectrum of the market, this study focuses on Reliance Industries Limited 
due to its prominence and influence in the Indian stock market. Reliance Industries is not only 
one of the largest companies in India by market capitalization but also plays a crucial role in 
various sectors, including energy, petrochemicals, textiles, natural resources, retail, and tele-
communications. Its diverse business operations and significant market presence make it an 
ideal candidate for understanding broader market trends and economic influences (Biswas, 
2018). By focusing on a key player like Reliance Industries, insights that are likely reflecti-
ve of larger market behaviors and economic conditions can be gained, while maintaining 
a  manageable scope for detailed analysis. The database chosen to extract the information 
about the stock prices of Reliance Industries Limited was Yahoo Finance (Reliance Industries 
Limited,2023). The domain offers various features including the historical data which have 
been used from December 02, 2013, to November 30, 2023. This data has been pre-processed 
and extracted in an CSV file with the daily frequency and as shown in Table 1.

3.3	 Data Cleaning and Preprocessing

The necessary libraries were imported for the implementation of selected models. Standard 
Scalar has been to scale the values and to make model more efficient. Sequential, Adam (op-
timiser) and tensor flow keras have been imported to build and train the LSTM model. For 
Fb-Prophet, ‘prophet’ which is facebook’s time series forecasting library for time series fore-
casting. For XGBoost, ‘XGBoost’ module which is used for creating and training the model. The 

Date Open High Low Close Adj 
Close Volume Gold 

Price
USD INR 
conversion

Indian 
10 year 
bond 
price

CPI WPI

02-12-2013 422.49
52

427.42
35

422.14
85

423.63
44

397.60
64 3332837 1221.9 62.325 9.048 0.112

4 7.52%

03-12-2013 423.48
58

428.68
65

421.33
12

426.90
34

400.67
45 4238703 1220.8 62.37 9.069 0.112

4 7.52%

04-12-2013 426.40
81

429.67
71

422.59
42

424.00
59

397.95
5 4043235 1247.2 62.06 9.09 0.112

4 7.52%

05-12-2013 431.90
6

434.38
25

429.94
95

431.41
06

404.90
49 5784625 1231.9 61.763 9.108 0.112

4 7.52%

06-12-2013 430.98
97

433.21
85

426.55
67

429.28
09

402.90
59 3369441 1229 61.435 9.165 0.112

4 7.52%

Tab. 1	 Dataset merged with economical indicators
Source: compiled by the author
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data that have been extracted in the ‘csv’ file was imported in the google colaboratory to work. 
Adjusted Close price was chosen with work with as it reflects the price of stock after inclusion 
of other factors. Some basics steps of data preprocessing were implemented to prepare the 
data for building the models and to make it more efficient such as:

1.	 Conversion of date to datetime format and setting ‘Date’ as index.
2.	 Dropping the rows with missing values.
3.	 Dropping the null values and dealing with NaN values.
4.	 The variables with high correlation coefficient were selected.
5.	 In case of Fb-prophet, Renaming the columns like date: ‘ds’ and Adj Close as ‘y’ to be 

compatible with Prophet model

After the merging of macro-economic variables:
1.	 As the WPI had ‘%’ after values, so removing the percentage sign form WPI column 

and converting it to float.
2.	 Extracting the features and target and normalizing the features using Standard Scalar.

The selected evaluation metrics were Mean squared error, Mean absolute error and R2 score.

3.4	 Implementation of machine learning algorithms

After the basic steps of data cleaning and preprocessing, the visualisation of stock prices was 
plotted with ‘Date on x-axis’ and ‘Adjusted close price on y-axis’ as depicted in Figure 2.

The dataset was split into two parts i.e., features (independent variables) and target (depen-
dent variable). A standard scaler was applied to normalize the features by removing the mean 
and scaling to unit variance, ensuring that all features contribute equally to the model. For the 
models (LSTM, SARIMAX, XG-Boost and FB-prophet), training-testing splits were employed. 
80% of the data was allocated for training, with 20% reserved for testing, following a standard 
80:20 ratio. This approach was kept common for all the selected models to make comparative 
analysis general and efficient.

Fig. 2:	 Plotting thes tock prices
Source: compiled by the author
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For LSTM, the sequential model was built using neural networks with input as features.sha-
pe (Obthong at al., 2020) which had 5 features. An input layer was provided with the number 
of input features. Two dense layers with 64 and 32 neurons were provided each followed by 
a dropout layer with a dropout rate of 20% to prevent overfitting. The activation function used 
was Rectified Linear Unit (ReLU) due to its ability to mitigate the vanishing gradient problem, 
its computational efficiency, and its tendency to converge faster compared to other activati-
on functions like sigmoid or tanh. The output layer had a single neuron to predict the target 
variable. The model was compiled with the 'Mean Squared Error (MSE)' loss function, the 
'Adam' optimizer (learning rate of 0.001), and 'Mean Absolute Error (MAE)' as the evaluation 
metric. The model was trained for 100 epochs. The forecasting plot is shown in Figure 3a). The 
study have also used an alternate extension of ARIMA i.e., SARIMAX (Seasonal Autoregressive 
Integrated Moving Average with eXogenous Factors ). This type of model can take other vari-
ables into account while predicting the stock prices.

The best SARIMAX order was found to be (0,1,2) and no seasonal order was chosen. The au-
tocorrelation and partial autocorrelation function (ACF and PACF) graphs were also plotted to 
determine order in the data. Augmented dickey-fuller test was also used to ensure staionarity 
in the data and to determine appropriate diffrencing order‘d’ but as the datasize was small 

Fig. 3:	 a) Forecasting results by LSTM. b) Forecasting plot for SARIMAX. c) Forecasting plot for 
XGBoost. d) Forecasting plot for FB prophet.
Source: compiled by the author using (Google Colaboratory- Fb prophet before integration with econo-
mic variables, 2023.; Google Colaboratory- LSTM before integration with economic variables, 2023.; Google 
Colaboratory- SARIMAX before integration with economic variables, 2023.; Google Colaboratory- XGBoost before 
integration with economic variables, 2023.
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thus to prevent overfitting th best order was not chosen initally. The model was run with 
various orders to obtain the best result. The exogenous variables were the other features like 
open, high, close, and low. The evaluation metrics were root mean squared error, mean abso-
lute error and r squared score. The results of forecasting on test dataset are given in Figure 3b).

For XGBoost, the model was prepared using XGBRegressor (extreme Gradient Boosting) 
from the XGboost library, which has been used for optimized and efficient implementation, 
high-speed and performance. The hyperparameters involved were learning rate which con-
trols the contribution of each tree and was set to deafult (0.1), max_depth which represents 
the maximum depth of a tree and the default of 6 was used, n_estimators which represents 
number of trees to be fit (deault value of 100) and subsample fraction of samples to be used 
for fiiting the individual trees (default value of 1). The plot has been shown in Figure 3c).

For FB prophet, the model was initialised with daily seasonality. The other hyperparameters 
like yearly seasonality, seasonality mode and changepoint prior scale were set to default. The 
prediction of the model has been showed in Figure 3d).

3.5	 Implementation of machine learning algorithms on pre-processed 
dataset merged with economic variables

The preparation and processing of the dataset (consisting of stock prices and economic va-
riables) followed similar approach of pre-processing earlier. The basic pre-processing steps 
were taken from the starting like to drop the null values and renaming of the columns to 
avoid conflict between features. The values provided in the dataset of WPI and CPI were 
monthly rather than daily, thus we had to duplicate the value throughout the month to ensure 
smooth application of dataset on models. Figure 4 shows the correlation among all variables 

Fig. 4:	 Figure4: Correlation matrix.
Source: compiled by the author using Google Colaboratory- XGBoost after 
integration with economic variables, 2023
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using a heatmap or correlation matrix. The correlation coefficients indicate the strength of 
the relationships between the independent variables and the target variable. The correlati-
on coefficient between Gold Price and US dollar to INR conversion is the highest among the 
economic factors included, at 0.93 and 0.90 respectively. Following that, WPI has a moderate 
correlation with the ‚Adj Close‘ at 0.48, while CPI has the lowest correlation coefficient at 0.16. 
Additionally, the factor Indian 10-year bond price shows an inverse relationship with the tar-
get variable, with a correlation coefficient of -0.29.

For LSTM, initial step of importing the necessary libraries was kept similar like previous 
model. After the pre-processing the data was split again in two ratios to analyse the result 
efficiently and compare it with previous LSTM model. The model was built using a similar pro-
cess of developing a sequential neural network. The plot has been depicted in Figure 5a). For 
SARIMAX, importing the necessary libraries were kept like SARIMAX model before. The model 
was built from ‘pmdarima’ to select the best SARIMAX order based on Akaike Information 
Criterion which was (0,1,2) but again the order provided was (0,0,0) to observe the chan-
ges. The seasonality was kept at none. The forecasting has been depicted in Figure 5b). For 
XGBoost, the initial process of importing the necessary libraries and data pre-processing have 
been kept like the previous XGBoost model. The train test split has been kept 80 percent of 
training data and 20 percent of test data. The plotting of the results is depicted in Figure 5c). 

Fig. 5:	 a) Forecasting plot for LSTM – merged data set b) Forecasting plot of SARIMAX – merged with 
economical indicators c) Forecasting results of XG Boost d) Forecasting with FB prophet
Source: compiled by the author using Google Colaboratory- FBProphet after integration with economic variables, 
2023.; Google Colaboratory- LSTM after integration with economic variables, 2023; Google Colaboratory- 
SARIMAX after integration with economic variables, 2023; Google Colaboratory- XGBoost after integration with 
economic variables, 2023.
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Model Trainnig 
% Metric

Before 
integration 
with economic 
variables

After 
integration 
with economic 
variables

Interpretation
Possible 
Reasons 
for Change

Considerations 
for Improvement

LSTM 80%

MSE 569.8537 1366.4344

Increase in MSE 
indicates reduced 
prediction 
accuracy

Overfitting, 
Complexity 
from Economic 
Factors

Further 
hyperparameter 
tuning, 
regularization, 
feature analysis

MAE 20.2353 32.2994

Rise in MAE 
suggests 
decreased 
accuracy

Overfitting, 
Influence of 
Economic 
Factors

Model 
simplification, 
feature selection, 
regularization

R2 0.9639 0.9133
Drop in R2 
implies reduced 
explanatory power

Overfitting, 
Complexity 
from Economic 
Factors

Feature 
engineering, 
model 
architecture 
adjustments, 
hyperparameter 
tuning

Tab. 2	 Result analysis of LSTM
Source: compiled by the author using Google Colaboratory- LSTM after integration with economic variables, 2023; Google Cola-
boratory- LSTM before integration with economic variables, 2023

Model Metric

Before 
integration 
with economic 
variables

After 
integration 
with economic 
variables

Interpretation
Possible 
Reasons for 
Change

Considerations for 
Improvement

SARIMAX

MSE 691.53 158.38 Significant 
decrease in MSE

Inclusion of 
economic 
factors

N/A (No change needed)

MAE 25.71 11.26 Significant 
decrease in MAE

Inclusion of 
economic 
factors

N/A (No change needed)

R2 0.96 0.99
R2 remained 
perfect after 
training

Inclusion of 
economic 
factors

N/A (No change needed)

Tab. 3	 Table 3: Result analysis of SARIMAX
Source: compiled by the author using Google Colaboratory- SARIMAX after integration with economic variables, 2023; Google 
Colaboratory- SARIMAX before integration with economic variables, 2023

Model Metric

Before 
integration 
with economic 
variables

After 
integration 
with economic 
variables

Interpretation
Possible 
Reasons for 
Change

Considerations for 
Improvement

FB PROPETH

MSE 2961.07 1912.35 Significant decrease 
in MSE

Influence of 
economic 
factors

Review economic factors, 
consider model adjustments

MAE 41.12 25.87 Significant decrease 
in MAE

Influence of 
economic 
factors

Review economic factors, 
consider model adjustments

R2 0.81 0.88
Decrease in R2 
indicates reduced 
explanatory power

Influence of 
economic 
factors

Review economic factors, 
consider model adjustments

Tab. 4	 Result analysis of Fb prophet
Source: compiled by the author using Google Colaboratory- Fb prophet before integration with economic variables, 2023; Google 
Colaboratory- FBProphet after integration with economic variables, 2023



	 Ankit Tripathi, Arpit Tripathi, Oldrich Trenz, Pawan Kumar Mishra

178

For Fb-prophet, the initial steps taken were same as the previous model like importing the lib-
raries and pre-processing approach. plotting of the actual price in comparison with predicted 
price have been showed in Figure 5d)

After the implementation of phase 1, the ranking of models based on MSE were as follows: 
LSTM (Rank  2), SARIMAX (Rank  3), FB-Prophet (Rank  4) and XGBoost (Rank  1). Based on 
R2 Score: LSTM (Rank 2), SARIMAX (Rank 3), FB-Prophet (Rank 4) and XGBoost (Rank 1). After 
the selection of economic variables and implementation on same models. The ranks of models 
shifted and is as follows based on MSE: LSTM (Rank 3), SARIMAX (Rank 2), FB-Prophet (Rank 4) 
and XGBoost (Rank 1). This showed that LSTM was not able to deal with the extra information 
and the model was overfitting. The analysis of the implementation of LSTM, SARIMAX, FB-
prophet and XGBoost has been depicted in the Table 2, 3, 4 and 5 before and after merging 
the economic factors (gold prices, USD to INR conversion, WPI, CPI and Indian 10-year bond 
price). The performance of the model has been measured based on mean square error, mean 
absolute error and R2 score.

4	 RESULTS

The LSTM results from Table 2 reveal a notable decline in predictive performance when the 
model was trained with 80% of the data, despite the inclusion of economic factors. This dec-
line, reflected in the Mean Squared Error (MSE) increasing from 569.8537 to 1366.4344, Mean 
absolute error increasing from 20.2353 to 32.994 and decrease in R2 score from 0.9636 to 
0.9133 prompts a closer examination of the inner workings of the LSTM architecture, particu-
larly focusing on the input gate, forget gate, and output gate.

The input gate, responsible for determining the relevance of new information to be stored 
in memory, played a crucial role in this scenario. After integration, the LSTM might not have 
effectively utilized the economic indicators, potentially due to insufficient exposure to diverse 
instances in the training data. This limited exposure could have hindered the model‘s ability 
to generalize complex economic patterns, leading to a suboptimal decision-making process by 
the input gate. Furthermore, the forget gate, responsible for deciding what information from 
the previous state should be discarded, likely faced challenges in discerning crucial patterns 
in the absence of a  sufficiently rich dataset. Consequently, the LSTM might have uninten-
tionally discarded relevant economic information, resulting in a  degradation of predictive 
accuracy. This shortfall is indicative of the model‘s struggle to capture long-term dependen-
cies in economic trends, a core strength of LSTM architecture. On the other hand, it could 
also have been due to overfitting of data, as the sample size of data is relatively small and the 

Model Metric

Before 
integration 
with economic 
variables

After 
integration 
with economic 
variables

Interpretation
Possible 
Reasons for 
Change

Considerations for 
Improvement

XGBOOST

MSE 31.35440 15.96573
Decrease in MSE 
suggests improved 
prediction accuracy

Influence of 
exogenous 
factors

Better preprocessing, 
inclusion of more factors

MAE 4.15593 2.54016
Decrease in MAE 
suggests improved 
accuracy

Influence of 
exogenous 
factors

Better preprocessing, 
inclusion of more factors

R2 0.99994 0.99997 Slight increase in R2
Influence of 
exogenous 
factors

Better preprocessing, 
inclusion of more factors

Tab. 5	 Result analysis of XGBoost
Source: compiled by the author using Google Colaboratory- XGBoost after integration with economic variables, 2023; Google 
Colaboratory- XGBoost before integration with economic variables, 2023
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number of features has increased thus providing excess information which evidently resulted 
in decline of model’s performance.

The performance evaluation of the SARIMAX model in Table 3 indicates a significant im-
provement when economic indicators are incorporated. Initially trained on 80% of the data 
without economic factors, the model relied solely on historical patterns for predictions. 
However, the inclusion of economic indicators such as gold price, Wholesale Price Index 
(WPI), Consumer Price Index (CPI), US to INR exchange rate, and India‘s 10-year yield bond 
price resulted in notable enhancements. The decrease in Mean Squared Error (MSE) from

691.53 to 158.38 and Mean Absolute Error (MAE) from 25.71 to 11.26, accompanied by an 
increase in the R-squared (R2) score from 0.96 to 0.99, underscores the effectiveness of incorpo-
rating economic factors. These improvements suggest that the SARIMAX model, characterized 
by its order parameters (p, d, q), benefitted from the inclusion of economic predictors. The 
choice of order parameters (0,0,0) signifies no autoregressive, differencing, or moving average 
components considered in the initial model. While the suggested parameters (p=0, d=1, q=2) 
based on manual and automatic inspection may lead to a perfect fit with an R2 score of 1, 
it‘s crucial to consider the implications of overfitting, especially with a small sample size. By 
opting for (0,0,0) parameters, the SARIMAX model remains parsimonious, avoiding unnece-
ssary complexity that could potentially lead to overfitting. Moreover, it‘s  important to note 
that stock prices are inherently volatile and influenced by numerous unpredictable factors. In 
such cases, overly complex models may capture noise rather than genuine patterns, leading to 
poorer generalization performance. The choice of (0,0,0) parameters indicates that SARIMAX 
primarily accounts for short-term dependencies in the time series data and adjusts to ex-
ternal factors through the inclusion of economic predictors. This approach strikes a balance 
between model complexity and performance, ensuring robustness in forecasting stock prices.

The results from Table 4 showcase an increase in the predictive performance of Facebook 
Prophet (FB Prophet) after training with 80% of the data, notably influenced by the inclusi-
on of economic factors. FB Prophet, a  renowned time series forecasting model, is adept at 
handling business problems through the utilization of historical data. Thus, the addition of 
economic indicators, such as gold price, Wholesale Price Index (WPI), Consumer Price Index 
(CPI), US to INR exchange rate, and India‘s 10-year yield bond price, led to a decrease in Mean 
Squared Error (MSE) from 2961.07 to 1912.35 and Mean Absolute Error (MAE) from 41.12 to 
25.87. The perfect R-squared (R2) increased to 0.88, indicating a rise in the model‘s explana-
tory power. FB Prophet operates through the workflow involving the calculation of logistic 
trend functions, capacity values, yearly seasonality, and the identification of changepoints. 
The model‘s core equation comprises a trend component (g(t)), seasonality component (s(t)), 
holiday effect (h(t)), and an error term (εt). It leverages a piecewise function for trend mo-
delling with linear trends and user-specified changepoints. Additionally, FB Prophet utilizes 
Fourier series for flexible modelling of seasonality patterns. The observed increase in FB 
Prophet‘s performance suggests that the model, sensitive to the influence of economic factors, 
may have adapted to the additional complexity introduced by these external variables. To en-
hance predictive accuracy furthermore, considerations for improvement could be a detailed 
review of the specific economic factors, potential adjustments to model parameters such as 
trend components and seasonality, and a strategic handling of anomalies within the economic 
indicators. This highlights the importance of a nuanced understanding and careful integrati-
on of external factors for effective time series forecasting using FB Prophet.

The results of XGBoost from Table  5 depicts that the model demonstrated a  significant 
improvement in predictive accuracy after training with 80% of the data, marked by a dec-
rease in Mean Squared Error (MSE) from 31.3544 to 15.96573, a reduction in Mean Absolute 
Error (MAE) from 4.15593 to 2.54016, and a slight increase in R-squared (R2) from 0.99994 
to 0.99997. This enhancement can be attributed to XGBoost‘s ensemble learning approach, 
which sequentially trains decision trees and combines their outputs. The model effective-
ly utilized exogenous factors, refining its predictions by compensating for errors made by 
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previous trees and mitigating overfitting through pruning. The mathematical framework, 
guided by an objective function comprising a Loss function and Regularization, facilitated 
optimal parameter tuning.

SARIMAX and XGBoost stands out as the most suitable model for forecasting in the provi-
ded Indian market data when compared to LSTM and FB Prophet. The models demonstrated 
a substantial improvement in predictive accuracy, showcasing its adaptability to the influence 
of exogenous factors. In contrast, LSTM showed sensitivity to dataset size, FB Prophet faced 
challenges even after the integration of economic factors and remained at R2 score of 0.88. 
Considering the flexibility, accuracy, and adaptability shown by XGBoost throughout, it emer-
ges as the preferred choice for forecasting in the Indian market.

5	 DISCUSSION

The studies Siami-Namini and Namin in 2018 and Fischer and Krauss in 2018 recognise the 
ability of LSTM to capture long term dependencies in time-series data (Fischer and Krauss, 
2018; Siami-Namini and Namin, 2018). These studies accentuate the model’s superiority in 
financial markets. However, performance of LSTM depends heavily on size and quality of 
training data. During the course of this study, MSE changed from 569.8537 to 1366.4344 high-
lighting the importance of hyperparameter tuning as emphasised by Gorgolis et. al in 2019 
(Gorgolis et al., 2019). The model FB Prophet praised by Taylor and Letham in 2017 for its 
intuitively adjustable parameters shows a significant rise during this study upon inclusion of 
economic factors with MSE decreasing from 2961.07 to 1912.35 too (Taylor and Letham, 2017). 
The decline in performance resonates with findings by Taylor and Letham which indicates mo-
del’s struggle with the integration of complex exogenous variables and this suggests the need for 
refined parameter adjustments as highlighted by Hamdani et al. in 2023 (Hamdani et al., 2023).

The study by authors Hyndman and Athanasopoulos in 2018, highlights the robustness of 
SARIMAX in various scenarios (Hyndman, R.J. and Athanasopoulos, G., 2018). The best or-
der parameters (p=0, d=1, q=2) in this study resonates with recommendations from authors 
Hyndman and Athanasopoulos but the implementation has been performed on the order 
(0,0,0). In SARIMAX model the reduction of MSE and MAE is a tantamount to model’s better 
performance. Although SARIMAX is highly effective in incorporating exogenous variables du-
ring the course of this study it shows potential for overfitting as indicated by reduction in MSE 
from 25.71 to 11.26. XGBoost as documented by Chen and Guestrin in 2016, as a powerful tree 
ensemble model and applied by study from Zhang and Chen in 2021 displays remarkable 
performance in financial domain (Chen and Guestrin, 2016; Zhang and Chen, 2021). The mo-
del’s ability to handle exogenous variables is also supported by Zhang et al in 2018 (Zhang et 
al., 2018). The results of this study echo with Chen and Guestrin’s findings as shown by the re-
duction in MSE from 31.35440 to 15.96573. During this study SARIMAX and XGBOOST emerge 
as reliable options for forecasting in Indian markets. Considering SARIMAX displays results 
that are prone to overfitting XGBoost’s ability to effectively incorporate exogenous variables 
and ensemble approach suggests it as preferred model.

6	 VALIDITY OF CONCLUSIONS / FUTUREWORK

The study demonstrates that among the selected models, XGBoost and SARIMAX have shown 
better efficiency and performance for Indian stock market predictions. On the other hand, 
LSTM and FB-Prophet had higher errors and lower R2 score which generally represents the 
extent of fitting of data in the model. The models made have been tuned for a single dataset/
company in the whole financial market of India which holds different segments of corpora-
tions. Thus, it induces a further question like whether these conclusions or the results can be 
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generalized for another company in India or for another country? Or is there any robustness 
in the models against market anomality’s or external shocks?

As mentioned, this study encompasses only one of the components affecting the financial 
market i.e., economic variables. A study by Sharif et al. in 2015 discusses the firm specific 
factors like firm size, return on equity and other variables and how it impacts the stock prices 
in Bahrin (Sharif et al., 2015). Another study by King et al. in 2012 discusses the factors like 
political events and economic news impacting the oil prices movements (King et al., 2012). 
In the study by Al Tamimi et al. in 2011, they discussed internal and external factors affecting 
the stock prices in UAE. Some of these internal factors were performance of company, change 
in board of directors etc. and external factors included government rules and regulations, 
market conditions, behaviour of participants and other uncontrollable variables (Al-Tamimi 
et al., 2011).

In most of the studies, authors have concluded that there is more than one factor involved 
that is impacting the stock prices in any country. Thus, to generalize the model for any coun-
try or for any other segment in India and getting it secure against external shocks, a study 
will need to incorporate all above-mentioned parameters into one. Even then, further ques-
tioning can be done like on what basis will one assign the weights to each factor so that the 
model can learn without getting biased to any one factor. The models made in this study are 
based on two factors i.e., model characteristics to deal with error (for instance XGBoost uses 
previous tree to deal with errors) and other factor impacting Indian financial market. If the 
future work wants to generalize the results of this study, they will have to take caution as 
every financial market has their own characteristics, regulations, and impact from economic 
conditions. For example, share of reliance industries are dependent on economic conditions 
as it is multi-national company. On the other hand, shares prices of a  cosmetic company, 
food related companies will show different behaviour (for instance, food related firms will be 
more sensitive towards consumers, thus have a relation with CPI). The development of these 
models can be generalized only if, the future work includes implementation of these models 
on a company which is affected by economic indicators with change in data of these variables 
with each country. Also, the robustness of the model is heavily dependent on accuracy of data 
involved. Thus, it is a necessity to consider that. The current conclusion of the study is heavily 
dependent upon the characteristics of models. Thus, if there is external shock involved for 
instance, a new policy implemented by government that will affect the company’s share price, 
the model will face difficulties in predicting the stock prices as they have done in this study. 
To make the results more generalized and model more robust further study is needed to be 
done in future.

The study also has other few shortcomings whilst delivering the subject matter which can 
be filled in future by another research. Some of these are:

Factors
Rank of countries

China United States United Kingdom India

Internet Affordability 34 32 22 28

Internet Quality 10 6 32 16

Electronic Infrastructure 49 5 13 91

Electronic Security 79 43 23 66

Electronic Government 16 2 8 35

Tab. 6	 Digital Quality Index 2023
Source: compiled by the author (using  Digital Quality Index, 2023)
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•	 The study included basic preprocessing approaches rather than complex processes to get 
the optimal performance of the desired models.

•	 The study also interprets the results based on the author’s understanding on subject.
•	 The study focuses on particularly 5 economic indicators from India, some of which are 

only on monthly basis available like CPI and WPI. This shortcoming can be improved by 
taking daily prices to improve the model’s accuracy and reducing the error further via 
paid websites or dealers.

•	 The study also focuses on several of the economic indicators which provides a general 
understanding of India’s economic conditions. The research can be improved further by 
incorporating more economic indicators and implementing them to the same models.

An additional constraint to the hypothesis lies in the assumption that the limited availability 
of data and published materials is a primary factor contributing to the scarcity of new hybrid 
models developed for the Indian market. However, an alternative factor may also be influen-
tial, as exemplified by India's placement at the 52nd position among 121 countries in the Digital 
Quality Index 2023 as assessed by surfshark.com (DQI index, 2023). The evaluation criteria en-
compass Internet Affordability, Internet Quality, Electronic Infrastructure, Electronic Security, 
and Electronic Government. In Table 6, the comparison of the top four countries including 
India in terms of publication is grounded in these criteria. The findings suggest that the pau-
city of data, particularly regarding the performance of models in the Indian market, may be 
correlated with India's ranking of 91st out of 121 countries in electronic infrastructure. Despite 
being the fifth-largest economy and possessing the potential to yield substantial returns for 
investors, India's digital landscape does not adequately support technological advancement. 
Furthermore, the decline in Internet affordability from the 8th rank in 2020 to the 28th rank in 
2023 raises concerns. This trend implies that even if novel applications or software are deve-
loped using new hybrid models, accessibility for users may be constrained. Consequently, this 
scenario contributes to a diminished interest in the field within the Indian market.

Even after considering these variables, according to annual growth rate of documents, do-
main of automated trading system is just going to get bigger in future ahead and one of the 
leading potential economies will be India and other developing countries.

7	 CONCLUSION

This research contributes to the understanding of the performance of LSTM, SARIMAX, FB 
Prophet, and XGBoost models, emphasizing the impact of economic factors on predictive 
accuracy. The comprehensive exploration into time series forecasting within the dynamic 
landscape of the Indian financial market has yielded valuable insights, offering practical 
implications for deploying various algorithms and integrating economic indicators with con-
ventional features for investors, decision makers, traders or academicians. The LSTM model 
demonstrated a  superior performance initially but a  notable declined was observed after 
the integration of economic variables. XGBoost exhibited efficient performance throughout, 
displaying a decrease in errors, and highlighting its robust ensemble learning capabilities. 
SARIMAX after incorporating economic indicators, delivered better results with a  substan-
tial decrease in both MSE and MAE. FB Prophet also performed relatively well with the new 
dataset, emphasizing the importance of careful consideration when incorporating economic 
factors. The findings can be applied in the domain of research, as it provides basic supplemen-
tary information on which newer age models for Indian financial market can be developed. 
The knowledge of the performance of selected models and the visualisation of the established 
relation between macro-economic variables and time series forecasting models can be used 
by potential investors, potential traders or decision makers who wants to create a strategy for 
buying and selling or multiply their investment through algorithmic trading.
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