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Abstract : 

Stock markets are one of the most fascinating domains for economic growth and GDP growth - not only 
because of the trade and human capital that is associated with it, but also due to the unpredictability of the 
profits changing hands. Predicting the future and performance of any stock market can hoard fortunes in 
the good times and minimize losses when the winds have changed. Predicting the future value of exchange-
traded company stock or other financial instruments is known as "stock market prediction". Furthermore, 
if news sentiment for a particular stock will be taken into consideration, the results are expected to be 
better. In order to forecast future market behavior, it makes use of market psychology, behavioral 
economics, and quantitative analysis. A good prediction of the future price of a stock could yield 
considerable benefit. In this paper we tend to find an ideal combination of different prediction models - 
LSTM, Prophet and ARIMA so that the prediction can be as close to the original as possible. This will help in 
gauging the market better for particular stocks and reduce the error gap with the use of technology. It is 
majorly focused on determining whether or not a current trend will continue and, if not, when it will 
reverse.  
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I. STOCK MARKET AND ECONOMY  

One of the most reliable indicators of a country's 
economic health is the stock market. Stock prices 
are always changing, and this can be caused by 
many things, like inflation, economic growth, 
and so on. Investors' faith is shaken by the wild 
swings in stock market indices. Because of the 
inherent nature of the financial domain and in 
part because of the combination of well-known 
parameters (previous day's closing price, P/E 

ratio, etc.) and daily financial news, stock prices 
are considered highly dynamic and susceptible 
to rapid changes. Machine learning has been 
used in a slew of projects aimed at predicting 
stock prices. There are three ways in which this 
paper's concept differs from others.  

 

I. Short-term, medium-term, and long-term 
price changes can all be targeted using this 
method (months later).  
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II. Stocks in a particular industry or all stocks, 
for example, can be excluded from consideration.  

III. For example, a company's specific 
characteristics or historical data on its stock 
price could be used as predictors. 

II.MACHINE LEARNING  

We all can see Smarter, Advanced Systems all 
around us and it has dwelled into our daily life 
so much that we don't even recognise their 
presence in the backdrops of various Apps, 
Websites, Machines etc. All those systems are a 
kind of a computer which eventually is backed 
by various advanced techniques to complete its 
desired task. One such technique is Machine 
Learning. When it comes to the definition of 
Machine Learning, we can say that it is the 
science where we allow the computers to learn 
and give them the same kinds of acts as we 
humans do. They are improved over time by 
learning just as we do in an automatic way. Just 
like us, to improve we need broader collection 
data to analyse and improve, we feed them data 
and information as well as real world 
interactions.  

 

The stock market prediction is the act of 
attempting to assess the potential value of 
exchange-traded company securities or other 
financial instruments. A successful forecast of a 
stock's future price could yield considerable gain 
to the intended audiences. It will help visualize 
the future rises and fall of the stock market 
based on multiple factors surrounding the same. 
The models used by us, i.e., ARIMA,  

LSTM, and Prophet are used in a combined form, 
followed by Logistic Regression Implementation 
to get the best possible accuracy for being 
beneficial with respect to the intended audience. 
So, let us start with the first model used for 
prediction of time series related data.  

 

III (A) LSTM  

LSTM is a type of recurrent neural network with 
longterm memory. A previous RNN output 
serves as an input for the current step. A joint 
effort by Hochreiter and Schmidhuber, LSTM 
was created. When the RNN could not predict a 
word stored in long-term memory but could 
provide more accurate predictions from recent 
knowledge, it solved the problem of long-term 

RNN dependency. In situations where the 
distance is longer, the RNN becomes less 
effective. A key feature of LSTM is that it can 
store data for a long time. Time series data can 
be encoded, forecasted, and classified using this 
technique. Four neural networks and "cells" 
(memory blocks) make up the chained structure. 
The concept of "gates" helps cells retain 
information and perform memory 
manipulations. In order to connect the previous 
and current hidden layers, we use the 
recurrence W. For the hidden layer state, U is a 
weight matrix that links inputs to the weighted 
matrix. Based on the current input and the 
previous hidden state, C is a possible hidden 
state. Internal memory C is a combination of the 
unit's previous memory multiplied by the for-get 
gate and the newly computed hidden state 
multiplied by the input gate [1]. Here are the 
equations for all the gates in an LSTM cell, as 
illustrated below: 

 

Figure 1: LSTM cell structure and mathematical 
equations describing the gates of an LSTM cell 

III (B) ARIMA  

ARIMA is known as one of the best time-series 
algorithms and it is used widely for the purpose 
of forecasting, predicting time series data. 
ARIMA is the acronym for Autoregressive 
Integrated Moving Average and basically has 3 
components named as p, d and q.  

 

But before we go towards the technical 
perspective of it, let's break the acronym ARIMA 
and get an overview of it. Starting with ARIMA's 
"AR" section, it is clear to see that the time series 
is being regressed on its own previous data. Next 
comes the ARIMA's I section that shows that the 
data values have been replaced with 
differentiated D-order numbers in order to 
obtain stationary data. This final ARIMA part 
shows that forecast error is a linear combination 
of previous individual errors. [2] 
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So, why did I still use it for my prediction 
analysis knowing its complexity? Because of the 
nature of my problem, the ARIMA model works 
well for fitting historical data and predicting 
future points in a time series using this 
combination approach. Coming back to the 
components of ARIMA, we have “p”, “d” and “q”. 
The definitions of these literals are as follows: p: 
represents the number of autoregressive lags.  

d: defined as the order of differencing which is 
used to make the series stationary  

q: number of lags for moving average.  

III (C) PROPHET  

The Prophet is our third pick. It is a procedure 
for forecasting time series data based on an 
additive model where non-linear trends are 
fitted with yearly, weekly, and daily seasonality 
as well as holiday effects, and is open-source 
software released by Facebook's Core Data 
Science Team. It provides the flexibility of 
tunable parameters as well. Available in both 
Python and R makes a perfect for any time-series 
based prediction analysis. Time series with 
strong seasonal effects and a long history of data 
work best with this method. As a result, it is able 
to deal with missing data as well as shifts in the 
trend.  

The working formula or we can say the 
mathematical functioning behind the prophet 
model is given as follows: y(t) = g(t) + s(t) + h(t) 
+ Error Term  

The brief explanation of the terms in the formula 
are given as follows:  

1. y(t) = piecewise linear or logistic growth 
curve  

 

Figure 2: Predicted trendline for “close” price.for 
modelling  

2. g(t) = periodic changes (e.g. weekly/yearly 
seasonality)  

3. h(t) = effects of holidays (user provided) 
with irregular schedules  

4. Error = unusual changes not accommodated 
by the model.  

5. For defining the s(t) we have the following 
formula:  

 

where,  

It's important to note that P is the period (365 
days for yearly data and 7 days for weekly data) 
as well as the parameters [a1, b1,.., aN, bN] that 
are needed to model seasonality. An important 
parameter to set is the fourier order N, which 
determines whether or not high frequency 
changes can be modelled.  

 

IV.INTEGRATION OF MODELS  

 

When it comes to machine learning the most 
important aspect of it is the dataset which we 
are going to use for the purpose of delivering the 
results or any kind of output. Same goes for this 
study as well. So, for this research paper, the 
approach was to integrate these three models on 
the stock dataset with the help of InvestPy. It is a 
Python package developed in order to retrieve 
all the available historical data from 39952 
stocks, 82221 funds and 11403 ETFs, 7797 
indices and 2029 currency crosses from 
Investing.com.  

 

Also, the complete coding part for this paper and 
which was used to show the results and 
visualizations was done on Google Collab with 
the help of Python language and its respective 
dependencies. I also tried the concept of Rolling 
Window (which ranges from 5 days to 60 days), 
for all the models to check the least RMSE values 
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(as the lesser the values, the better the 
predcition).  

 

Figure 3: The Flowchart of the Proposed 
Integrated approach to find the accurate stock 

prices. 

After setting up the notebook and getting the 
data from the InvestPy we then proceed to do 
the EDA on the data which is being received with 
the target being the “close” prices of the stock 
dataset. The initial plotting of the close prices 
with its overall history trend is shown here:  

 

Figure: Initial Visualization of Close Price vs 
Close Price History 

 

IV(A) RMSE: Why is it required?  

The RMSE (Root Mean Square Error) is a 
commonly used metric for assessing a model's 
ability to accurately predict quantitative data.  

This is how it's represented mathematically: 

 

 

Machine learning models need to be tested for 
accuracy in order to describe how well the 
model is making predictions.  

 

IV(B) Running the ARIMA Model  

Then we start with the implementation of our 
first model, i.e ARIMA for the stock dataset. 
Using sklearn.preprocessing we used the import 
MinMaxScaler for data standardization. Setting 
the training and testing distribution into 80:20 
respectively.  

Fitting the model_ari function and running it 
with parameters for the dataset we see that the 
ARIMA starts its run and as explained in the 
model definitions above we see it running the 
stepwise mode for 17 steps before we get the 
RMSE value of 8412.35 (without rolling window) 
and better RMSE value at 629.9 (with rolling 
window in place). The plotted visualization for 
the same can be seen in the image below:  

 

Figure: Visualization of Close Price wrt ARIMA  

 

Here, we can see that the trend line, generated 
by the Model by prediction is very close to the 
projected. The run was successful and the output 
was effectively visualized. We will now focus our 
shift to the next model, i.e Prophet Model by 
Facebook.  

  

IV(C) Running the Prophet Model by 
Facebook  

 

Importing the Prophet dependencies we set the 
data standardization using MixMaxScaler along 
with making a small change of renaming column 
“date” as “ds” and “close” as “y”. This change was 
necessary because the model only recognizes 
these two columns with the aforementioned 
column before anything can be processed. Doing 
that we start the training of the model. Again, as 
per the inclusion of the rolling window concept. 
The RMSE value by Prophet was 6370.50 
(without rolling window) and 5452.77 (with 
Rolling Window). The plotted visualization for 
the same can be seen in the image below:  
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Figure: Predicted trendline for “close” price by 
Prophet. 

IV(D) Running the LSTM Model Finally, we 
come to our third and final model i.e LSTM to see 
how it performs the stock price predictions for 
the given data. Following the same steps, we 
imported the required dependencies in google 
collab notebook. Using the normal MinMaxScaler 
for data standardization. It is required to feed 
the train and test values before we start the 
mode fitting to take place. The LSTM network 
chosen by me for this work consists of a 
Sequential Model, 100 units, “adam” optimizer, 
batch_size of 1 and 1 Dense Layer to check the 
overfitting problem. We then run the model for 3 
epochs. The result of LSTM Error value (RMSE) 
without taking open price is 1134.22. The same 
with a rolling window of 5 days is 871.44 and for 
60 days it stands at 801.08 which is the least 
among all.  

 

Figure: Predicted trendline for the stock price by 
LSTM. 

V(E) Integrating ARIMA + Prophet + LSTM  

We clearly saw the error values of the individual 
models with rolling windows and without rolling 
windows. In the segregated cases of Individual 
results it was very much clear that with the 
addition of rolling windows we tend to get less 
error (RMSE) values and better prediction. The 
addition of Linear Regression[5] adds up to the 
caliber to update the weights on top of the 
integrated model, while running them. When the 
training is done for all the models we tried 
testing these models with the 20% of testing 
data. The complete summary of the steps and 
their respective results are presented in the 
following table.  

TABLE 1  

BUILDING THE NOTEBOOK CODE FOR PREDICTION OF THE STOCK PRICES 

S.No Step by Step Implementation of The Problem Statement i.e Spam Message Detection  

Step Taken  Output  

1  Dataset  

Acquisition  

The dataset was taken by InvestPy. It consists of suitable data for BSE 
stock.  

The table labels and data for the same were : Date, Open  

Price, Close Price,  

Name of the Stock, Its Symbol and Currency Symbol.  

2  ARIMA  

Model  

Running  

We proceed with an 80:20 ratio for Training and Validation set 
respectively.  

Stepwise mode taken for  

17 steps before we get the  

RMSE value of 8412.35 (without rolling window) and better RMSE 
value at 629.9 (with rolling window in place)  

 

http://www.neuroquantology.com/


Neuro Quantology | August 2022 | Volume 20 | Issue 7 | Page 3804-3810 | doi: 10.14704/nq.2022.20.7.NQ33471 
Ankit Bansal/Prediction and Analysis of Stock Market using ARIMA Model and Machine Learning Techniques  

 

3809 

eISSN 1303-5150 www.neuroquantology.com 

 

3  Prophet  

Model by  

Facebook  

Mandatory change of renaming the date column to “ds” and close price 
to “y”. We ran the model to get the RMSE values as 6370.50 (without 
rolling window) and 5452.77 (with Rolling Window).  

4  LSTM with  

‘adam’ as the optimizer  

After running for 3 epochs: The result of LSTM Error value (RMSE) 
without taking open price is 1134.22. The same with a rolling window 
of 5 days.  

5  Integrated  

Approach  

(ARIMA +  

Prophet +  

LSTM) +  

Linear Regression  

Error Value for Combined Model Run (RMSE): 618.19 is  

871.44 and for 60 days. it stands at 801.08  

7  Results for the  

Combined  

Model  

Error Values (RMSE) 342.81  

 

V.PREDICTION RESULTS WITH COMBINED 
MODEL  

The stock market indices are highly volatile to 
many factors and it affects the investor’s belief. 
The proposed integrated model gives the least 
error values and asserts that it is better than the 
individual models (i.e ARIMA, LSTM and 
Prophet Model).  

 

 

Inorder to see the results and prediction in 
action we tried to run it by giving random stock 
price information of a random timestamp. The 
above google collab notebook snapshot shows 
the execution and predicted results for the 
same.  

 

Table 2: Result set for distinguished model  

 

Model  Name  Original 
Value  

Predicted 
Value  

ARIMA  38434.72  38220.39  

LSTM  38434.72  38257.77  

PROPHET  38434.72  38578.33  

 

VI.FUTURE SCOPE  

The future scope of this paper will consist of a 
bit of more fine tuning to get better predictions, 
adding a flavour of News Sentiment to check 
how the integrated model performs. Also, being 
able to use it in a system driven environment 
will be a plus point for any Stock Market 
oriented website. One can take up the model 
and transform it into an API which is further 
developed based on the specifications of 
website, mobile application or cloud based 
services. One can also make use of paid real-
time stock data fetching APIs which will help 
the model to showcase real-time predictions  
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VII.CONCLUSION  

After the completion of the proposed solutions 
in the form of successfully predicting the stock 
prices in future. The assertion was on the fact 
that the integrated model proposed by this 
paper should outperform the individual model, 
which was effectively proved and presented in 
tables and snapshots of the predicted trendline. 
Overall the proposed problem’s solution was 
successfully generated and our model gave the 
least result which assures that it is better than 
all the individual models.  
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