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Abstract - The Stock Market, as we know, is volatile in 
nature and the prediction of the same is a cumbersome task. 
Stock prices depend upon not only economic factors, but they 
relate to various physical, psychological, rational and other 
important parameters. In this research work, the stock prices 
are predicted using the Auto Regressive Integrated Moving 
Average (ARIMA) Model. Stock price predictive models have 
been developed and run-on published stock data acquired 
from Yahoo Finance. The experimental results lead to the 
conclusion that ARIMA Model can be used to predict stock 
prices for a short period of time with reasonable accuracy. 
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1.INTRODUCTION  
 
One of the vital elements of a market economy is stock 
market. The reason behind this is mainly because of the 
foundation it lays for public listed companies to gain capital 
via investors, who invest to buy equity in the company. With 
the aid of refinements in the industries, stock market is 
expanding rapidly. In order for the investors to gain returns 
(profits), they should take in consideration the disparities 
involved in the stock market on regular basis. The stock 
market is volatile in nature and the prediction of the same is 
not an easy task. Stock prices depend upon a variety of 
factors including economic, physical, psychological, rational 
and other important aspects. Although, the stock trend is 
difficult to predict, investors seem to find new techniques in 
order to minimise the risk of investment and increase the 
probability of profiting from the investments [1]. The 
variability in stock market makes it an interesting field for 
researchers to forge new forecasting models. 

Time-series analysis is an important subset of prediction 
algorithms and functions. It is regarded as an apt tool for 
predicting the trends in stock market and logistics. Before 
making any investment, an investor gathers intel on the past 
stock trends, periodic changes and various other factors that 
affect the capital of a company. An ARIMA model is a vibrant 
univariate forecasting method to project the future values of 
a time-series. Since, it is essential to identify a model to 
analyse trends of stock prices with adequate information for 
decision making, it is proposed to use the ARIMA model for 
stock price prediction[2,6].   

 

2. Proposed System  
 
In the proposed system, stock prices of ICICI Bank and 
Reliance Industries have been predicted using ARIMA model 
and implemented with various packages in python. 
Historical stock data of ICICI Bank and Reliance Industries 
have been collected from Yahoo Finance [3]. Detailed 
description about the dataset and further process are 
presented in the following sub-sections. 

2.1 Dataset Description 
 
Datasets for historical stock data have been taken from    
Yahoo Finance [4]. Both datasets are similar in nature but 
differ in terms of actual stock price. The datasets have the 
following components: Date, Open, High, Low, Close, Adjusted 
Close and volume. Table 1 and Table 2 display the sample 
datasets for ICICI Bank and Reliance Industries respectively. 
Important components that make sense to the model are 
Close and Date. Predictor variable is used to predict the target 
variable. Target variable is the variable that is to be predicted. 
In this case, for both datasets, ‘Date’ will be the predictor 
variable and ‘Close’ will be the target variable. Close is 
generally referred as the last price at which a stock trades 
during the regular hours of a trading session [5]. Datatype of 
each component will be described in the upcoming sections. 
 

Table -1: Sample dataset of ICICI Bank obtained from 
Yahoo Finance 
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Table -2: Sample dataset of Reliance Industries 
obtained from Yahoo Finance 

 

 
 
1.2 Exploratory Data Analysis 
 
Data pre-processing is a technique by which redundant data 
is removed from the dataset so that the data, which will be 
used for forecasting purposes, is clean and error free. Few 
conventional methods that are practiced in order to remove 
redundancy are: Remove null values, Delete duplicate valued 
data. Figure 1 and Figure 2 shows the code for which Null 
values are checked in the ICICI datasets. Figure 3 and 4 
shows the code for which Null values are checked in the 
Reliance Industries datasets. Upon checking, there were few 
NaN values (Null Values) in both datasets. In order to clean 
the dataset, dropna() function is called by the data-frame 
object. This function drops the specific row or column which 
contain the null value 
 

 
Fig -1: Identifying Null Values from ICICI Bank 6-month 

dataset and handling them 
 

 
Fig -2: Identifying Null Values from ICICI Bank 1 year 

dataset and handling them 
 

 
Fig -3: Identifying Null Values from Reliance Industries 6-

month dataset and handling them 
 

 
Fig -4: Identifying Null Values from Reliance Industries 1 

year dataset and handling them 

The next step is to make sure that the datatype of dataset 
aligns with the compatibility of ARIMA model. To 
manipulate the dates, which is the predictor variable, the 
datatype of ‘Date’ attribute in the datasets should be of 
dateTime. There were no issues with the datatype of 
‘Date’ in the ICICI Bank datasets, but, in the Reliance 
datasets, the datatype is String. Thus, to do that, the 'Date' 
attribute is converted into dateTime from String with the 
help of to_datetime() function. Figure 5 and Figure 6 
shows the code snippet for the same. 

 
Fig -5: Conversion of ‘Date’ Attribute to dateTime for 

Reliance Industries 6-month dataset 
 

 Fig -6: Conversion of ‘Date’ Attribute to dateTime for 

Reliance Industries 1 year dataset 
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To finish off the Exploratory Data Analysis, groupby() 

function is called by the data-frame objects of ICICI bank 

and Reliance Industries. This function is used to group only 

the relevant attributes from the dataset, that is, ‘Date’ and 

‘Close’. The result of this ensures that irrelevant attributes 

from the datasets do not take part in the forecasting 

models, thereby not disrupting the accuracy of ARIMA 

model. Figure 7 and figure 8 shows the code snippets for 

ICICI Bank. Figure 9 and figure 10 shows the code snippets 

for Reliance Industries. 

 
Fig -7: Groupby() function to group ‘Date’ and ‘Close’ 

attribute for ICICI Bank 6-month dataset. 

 
Fig -8: Groupby() function to group ‘Date’ and ‘Close’ 

attribute for ICICI Bank 1 year dataset. 

 
Fig- 9: Groupby() function to group ‘Date’ and ‘Close’ 

attribute for Reliance Industries 6-month dataset. 

 
Fig- 10: Groupby() function to group ‘Date’ and ‘Close’ 

attribute for Reliance Industries 6-month dataset. 
 

1.3 Stationarity test 
 
The next phase in the process is to check the stationarity of 
data. A data is said to be stationary if the mean, variance and 
autocorrelation structure do not show any difference over 
time. In other words, the data should not contain any trends 
or seasonality and has to show a constant variance and 
autocorrelation structure over time [5]. 
 
Figure 11 and 12 shows the Autocorrelation and Partial 
Autocorrelation functions (ACF and PACF) for ICICI Bank. 
Figure 13 and 14 shows the Autocorrelation and Partial 
Autocorrelation functions for Reliance Industries. On 
observing the ACF and PACF plots we conclude that both of 
these series are not stationary. To move forward, number of 
lags are to be calculated. 
 

 

Fig- 11: ACF and PACF plots for ICICI Bank 6-month 

dataset 
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Fig- 12: ACF and PACF plots for ICICI Bank 1 year 

dataset 

 

Fig- 13: ACF and PACF plots for Reliance Industries 6-

month dataset 

 

Fig- 14: ACF and PACF plots for Reliance Industries 1 

year dataset 

To further support the findings about the stationarity, 
Dickey Fuller Test was performed [7], which is based on 
Null Hypothesis. The assumed Null-Hypothesis is ‘Dataset 
is not Stationary’. For a dataset to be stationary, p-value 
must be less than 5%. But in this case, the p-value for both 
Reliance Industries (6 month and 1 year) and ICICI Bank 
(6 month and 1 year) is more than    5 %. Hence, assumed 
Null hypothesis was true. Figure 15 and 16 shows the 

code snippet for ICICI Bank datasets. Figure 17 and 18 
shows the code snippet for Reliance Industries datasets. 

 

 

Fig- 15: Dicky Fuller Test for ICICI Bank 6-month 

dataset 

 

Fig- 16: Dicky Fuller Test for ICICI Bank 1 year dataset 

 

Fig- 17: Dicky Fuller Test for Reliance Industries 6- 

month dataset 

 

Fig- 18: Dicky Fuller Test for Reliance Industries 1 year 

dataset 

To discard the Null Hypothesis of Non-stationarity, a 
technique called as differencing is adapted to the 
datasets. The number of differences done constitutes to 
the integrated difference of the ARIMA model. Figure 
19 and Figure 20 shows the code snippet for ICICI 
Bank. Figure 21 and Figure 22 shows the code snippet 
Reliance industries. 
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Fig- 19: Differencing for ICICI Bank 6-month dataset 

 

Fig- 20: Differencing Test for ICICI Bank 1 year dataset 

 

Fig- 21: Differencing Test for Reliance Industries 6-month 
dataset 

 

Fig- 22: Differencing Test for Reliance Industries 1 year 
dataset 

After differencing is performed, a graph is plotted to 
confirm the stationarity of the datasets. For the graph, 
it can be concluded that since the intervals are regular, 
differencing worked and datasets are now stationary. 
Figure 23 and 24 depict the visualization for ICICI Bank. 
Figure 25 and 26 depict the visualization for Reliance 
industries. 

 

Fig- 23: Stationarity Visualization for ICICI Bank 6-

month dataset 

 

Fig- 24: Stationarity Visualization for ICICI Bank 1 year 

dataset 

 

Fig- 25: Stationarity Visualization for Reliance 

Industries 6-month dataset 
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Fig- 26: Stationarity Visualization for Reliance 

Industries 1 year dataset 

1.4 Auto ARIMA 
 
Now that the datasets for both ICICI Bank and Reliance 
industries have become stationary, we proceed to the next 
phase. The next phase involves finding the optimum values 
of p,d and q for the ARIMA model. This is carried out by the 
auto_arima () function. This function calculates the suitable 
values of p, d and q for the best results of forecasting for the 
ARIMA model. The optimum model for forecasting is the 
model whose AIC value is the lowest. After computing the 
optimum model values using auto_arima (), we find that 
ARIMA (0, 2, 1) (0, 0, 0) [0] is the best model for the 1 year 
dataset and ARIMA (1, 0, 0) (0, 0, 0) [0] is the best model for 
6 months dataset of Reliance Industries. Figure 27 and 28 
shows the code snippet for Reliance Industries (6 month and 
1 year) dataset respectively. While the 
ARIMA(0,1,0)(0,0,0)[0] is the best model for ICICI Bank 
dataset(1 year and 6 month) and Reliance Industries(6 
month) dataset. Figure 29 and 30 shows the code snippet for 
ICICI Bank (6 month and 1 year) dataset respectively. 
 

 
Fig- 27: Computing Optimum values of p,d and q using 
auto_arima() function for Reliance Industries 6-month 

dataset. 

 

Fig- 28: Computing Optimum values of p,d and q using 
auto_arima() function for Reliance Industries 1 year 

dataset. 

 

Fig- 29: Computing Optimum values of p,d and q using 
auto_arima() function for ICICI Bank 6-month dataset. 

 

Fig- 30: Computing Optimum values of p,d and q using 
auto_arima() function for ICICI Bank 1 year dataset. 

1.5 ARIMA Model 
 
The training and testing of the ARIMA model is the next 
phase after finding the optimum p, d and q values of ARIMA 
model. The training and testing data is split in a ratio of 
70:30, where in the 70% of data is trained and remaining 
30% of the data is used for testing in the model. The model is 
fitted and a model_prediction object is created for further 
forecasting process. After the implementation of ARIMA 
model, with the optimum values, the prediction values are 
depicted using a visualization plot, with the Actual price(Red 
in colour) and Predicted price(Blue in colour) of the stock. 
Figure 31 and 32 depicts the visualization for ICICI Bank (6 
month and 1 year) dataset respectively. Figure 33 and 34 
depicts the visualization for Reliance Industries (6 month 
and 1 year) dataset respectively. 
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Fig- 31: Forecasting of stock price of ICICI Bank using 6-
month dataset. 

 

Fig- 32: Forecasting of stock price of ICICI Bank using 1 
year dataset. 

 

Fig- 33: Forecasting of stock price of Reliance Industries 
using 6-month dataset. 

 

 

Fig- 34: Forecasting of stock price of Reliance Industries 
using 1 year dataset. 

1.6 Future Price Prediction 
 
Now that the ARIMA model is trained and tested for future 
predictions, the next process is to predict the stock prices of 
the companies for the next 30 days using the 
model_fit.predict () function with the parameters involving 
the start value of length of the present dataset and end value 
with 30 day increment from the final length value of the 
dataset. Figure 35 and 36 shows the future prediction values 
for ICICI Bank using the 6 month and 1 year dataset 
respectively. Figure 37 and 38 shows the future prediction 
values for Reliance Industries using the 6 month and 1 year 
dataset respectively. 
 

 

Fig- 35: Future Prediction of stock prices for ICICI Bank 

using 6-month dataset. 

 

Fig- 36: Future Prediction of stock prices for ICICI Bank 

using 1 year dataset. 
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Fig- 37: Future Prediction of stock prices for Reliance 

Industries using 6-month dataset. 

 

Fig- 38: Future Prediction of stock prices for Reliance 

Industries using 1 year dataset. 

1.7 Model Performance 
 
The final step in the forecasting process is to check the 
model performance. This can be computed using various 
evaluation techniques such as Mean Squared Error (MSE), 
Mean Absolute Error (MAE), Root Mean Squared Error 
(RMSE) and the Mean Absolute Percentage Error (MAPE). 
The conclusions using the above-mentioned techniques are 
shown in Figures 39-42. 
 

 

Fig- 39: Model performance of 6-month dataset of ICICI 

bank. 

 

Fig- 40: Model performance of 1 year dataset of ICICI 

bank. 

 

 

Fig- 41: Model performance of 6-month dataset of 

Reliance Industries 

 

 

Fig- 42: Model performance of 1 year dataset of 

Reliance Industries 

2. CONCLUSION 
 
 The volatile nature of stock prices makes them difficult to 
predict. The experimental analysis in this research work 
suggests that a forecasting model specifically the ARIMA 
model can be used effectively with a reasonably high 
accuracy in predicting the future stock prices. The specific 
instances of ICICI Bank and Reliance Industries have been 
used for verifying the hypothesis. The only drawback of this 
analysis is that ARIMA model holds higher accuracy for 
short-term predictions. 
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