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ABSTRACT

The IT and ITES industry has been the bedrock of India’s economic and social growth for the last two decades. Today the
Indian IT industry is not only one of the world’s largest but it also represents the aspirations of India’s burgeoning and
vibrant middle class. It has been the pioneer in employment generation in the country. This is an impact of major Fortune
500 and Global 2000 multinational corporations outsourcing IT services to India. The IT industry has been a major
contributor to India’s GDP growth (both domestic and international export revenue). The IT sector has been a lucrative
domain of stock market securities investment for quite a few years. We know that the Stock Exchange is an integral and
important part of a Nation’s economy. Two of India’s largest IT companies are TCS (Tata Consultancy Services) and
Infosys in terms of market capitalization, traded volume and employee strength. This paper attempts to analyze the weekly
closing stock prices of TCS and Infosys for a span of more than 18 years, ranging from the 1st week of January, 2003 till
the 3rd week of March, 2021. This paper also attempts to forecast the BSE weekly closing stock prices of TCS and Infosys
for the next 5 years (260 weeks) at a weekly frequency. The paper also attempts to do an accuracy testing of the predictive
model generated. This paper would be beneficial for both academic research purposes and for the individual investors who
can use stock market predictions to make timely, informed and wise decisions to maximize their capital investments. The
methodology employed in this paper for analyzing and forecasting stock prices of TCS and Infosys is Time Series Analysis
using the ARIMA Model.

KEYWORDS: Arima model, Stock market prediction, Time Series analysis, IT stocks forecasting, Machine Learning.

1. INTRODUCTION

The IT and ITES industry has been the flamboyant backbone of the Indian economy for the last two decades. The IT industry
basically provides general purpose technological, business and logistics solutions for scalability, mobility, production
maximization, cost minimization, increase in throughput and efficiency quotients. The automation drive across sectors ranging
from Bank & Financial Services to the Tourism industry to the Food delivery industry is built on the solutions and designs of
the IT industry. This industry has enabled India’s ever burgeoning middle class in realizing their “American Dream” sitting in
India itself. The IT industry has been one of the largest employment generation sectors in India for the last 2 decades. Today a
mammoth 4.36 million workforce is employed in the Indian IT industry. As on 31st December, 2019 the cumulative workforce
strength of the 4 Indian IT majors (TCS, Infosys, Wipro and HCL Tech) is 1.02 million. Employment generation is the biggest
social benefit this country has derived from the IT industry.

India has been the biggest outsourcing destination for major Fortune 500 and Global 2000 corporations for IT services. Out of
the US$200-250 billion global services sourcing business estimated in FY 2019-20, India accounts for 55% of the market share.
The IT and ITES industry’s revenue generation was estimated at approx US$191 billion in FY 2019-20 and was growing at
7.7% year on year. The export revenues earned by the IT industry in FY 2019-20 was US$147 billion and the domestic revenues
being US$44 billion. Thus it is evident that at a time when stagnation and an impending recession is hitting various sectors like
Automobiles , Tourism etc. the IT industry continues to pull the nation ahead in terms of employment generation, foreign
exchange earnings through exports and by maintaining a positive vibe in the Indian economy.

The stock market is an integral part of a country’s economy. It provides a transaction facilitation centre for investors and traders
to trade (buy/sell) securities of various companies enlisted in the Stock Exchange. The BSE (Bombay Stock Exchange) and the
NSE (National Stock Exchange) are the two premier and prestigious stock exchanges of India.

Two of the largest Indian IT companies are TCS (Tata Consultancy Services) and Infosys. TCS was established in 1968. Today
it is the largest IT firm in the world with a market capitalization of US$169.2 billion. It is the 1st Indian IT firm to reach the
US$100 billion market capitalization. It is enlisted in BSE and NSE. TCS has a workforce of over 4.17 lacs.

Infosys was established in 1981. It has grown from being a US$250 firm to a US$72.2 billion firm today. It is enlisted in BSE
and NSE. Infosys has a workforce of over 2.42 lacs.
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Forecasting and predicting the troughs and crests of the stock market are difficult and challenging but highly essential. An
assumption is made based on which stock prices forecasting have been done in this research paper. The data that is available
in public domain (Yahoo Finance portal) has some relationship amongst them which has enabled to forecast the future trend of
stock prices.

This paper will be beneficial for both academic research purposes and for individual investors seeking mechanisms for
maximizing their profit-making from investments in renowned IT stocks. The foremost objective of this research work is
development of a stock prices predictive model.

The data used in this paper is not a set of arbitrary, discontinuous data values. But it is a Timeseries data, which holds
observations of variations of the same variable (weekly closing stock prices of TCS and Infosys) against a continuous and
moving timeline collected at regular intervals (weekly in this case).

For building the stock prices predictive model, in this paper we have utilized the ARIMA (Auto-Regressive Integrated Moving
Average) model for Timeseries analysis. It is a highly effective and robust statistical model for market fluctuations prediction.
Here a non-stationary Timeseries is converted into a stationary one before it is used for predictive purposes. ARIMA
methodology uses the Auto-Regression, Moving Average and Differencing statistical techniques.

The programming language used for the experiments conducted is R language. The IDE used is R GUI 64 bit.

In a nutshell, the research paper collects the weekly closing stock prices of TCS and Infosys from the 1st week of January,
2003 till the 3rd week of March, 2021 (948 weeks). Exploratory Data Analysis (EDA) is done on the aforementioned data.
Based on this data a predictive model is generated using ARIMA. The model is used for forecasting the weekly closing stock
prices of TCS and Infosys for the next 5 years (260 weeks). It is also used for accuracy checking in terms of Mean Absolute
Percentage Error (MAPE) and Mean Percentage Error (MPE) by segregating the complete dataset into Training and Testing
datasets.

Section 1 deals with a short introduction about the research work. Section 2 declares the objectivity and aim of the study.
Section 3 enlists a set of related work in this area of research. Section 4 speaks about the theory, statistics and literature
associated with the ARIMA model. Section 5 describes the data source and the data used in the experiment and Section 6gives
a diagrammatic representation of the methodology employed in this paper. Section 7 gives a detailed account of the experiment
results achieved in this experiment and Section 8 concludes the research work.

2. OBJECTIVE

As already discussed, the foremost objective of this research paper is to analyze the BSE weekly closing stock prices data of
TCS and Infosys from the 1st week of January, 2003 (01.01.2003) till the 3rd week of March, 2021 (19.03.2021). The weekly
data collected in this case is the closing stock price value recorded at the end of trading sessions on each Wednesday
(Wednesday being chosen because of it being in the middle of the week) of the aforementioned period. Then a predictive
forecasting model is built by utilizing the ARIMA modeling technique. This predictive model is used for forecasting weekly
closing stock prices of TCS and Infosys from the 4th week of March, 2021 till the 3rd week of March, 2026 (five years or 260
weeks). Then the complete dataset is divided into Training and testing datasets for predictive accuracy calculation purposes.

3. RELATED WORK
There are several notable and praiseworthy research publications in this field. The authors Mohankumari C, Vishukumar M
and Nagaraja Rao Chillale had developed a predictive model for forecasting stock prices using the ARIMA model [1]. They
has used ARIMA models for analyzing and forecasting NSE stock prices of TCS, Infosys, HCL , Tech Mahindra and Wipro.
For each of the different aforementioned firms, the authors designed different Arima models due to different optimal values of
p,q and d. The authors B. Uma Devi, D.Sundar and Dr. P. Alli had used AR and MA models along with AIC and BIC scores
for analyzing the stock indices of NIFTY-50 Midcap, Reliance, OFSS, JSW-Steel and ABB [2]. They also did a accuracy check
on the results obtained using the AR and MA models. The author Nazmul Islam used the ARIMA model for forecasting the
inflation rate of Bangladesh [3]. He used the World Bank inflation data of Bangladesh ranging from 1971 till 2015 (1973 to
1978 were ignored due to outlier problem) to forecast the inflation rate of the country from 2016 to 2020. He chose the ARIMA
parameters based on the minimum AIC value. The authors Aloysius Edward and Jyothi Manoj had developed a predictive
model for forecasting the stock prices of various premier automobile sector stocks like Mahindra & Mahindra, Bajaj Auto,
Hero Motors and Tata Motors [4]. He converted non-stationary series into stationary one before using ACF and PACF graphs
for designing the ARIMA model for prediction. The authors Mohamed Ashik A and Senthamarai Kannan K used the ARIMA
model for forecasting the closing stock indices of NIFTY-50 based on the Nifty historical indices data ranging from January to
December 2015 (245 observations) [5]. The authors Mahantesh C. Angadi and Amogh P. Kulkarni did exploratory data analysis
on intra-day Infosys stock prices data ranging from 2007 to 2015 and developed an ARIMA predictive model using various

parameter values for p.q and d [6]. The authors Kamalakannan J, Indrani Sengupta and Snehaa Chaudhury had retrieved Apple
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Inc stock prices of the period October 2015 till October 2017 from Yahoo Finance and performed ARIMA modeling technique
on the data to predict the future stock prices for a period of 2 years [7]. The authors Ayodele A. Adebiyi, Aderemi O. Adewumi
, Charles K. Ayo used historical stock prices of Nokia and Zenith Bank from the New York stock Exchange and Nigeria Stock
Exchange to design predictive models for forecasting future stock prices. They used the ARIMA modeling technique with
Auto-Correlation Function (ACF) and Partial Auto-Correlation Function (PACF) [8]. The authors Nitin Merh, Vinod P. Saxena
and Kamal Raj Pardasani used the historical prices of BSE 30 (SENSEX), BSE IT, BSE Oil & Gas, BSE 100 and S&P CNX
Nifty for future price prediction [9]. They developed 2 types of hybrid models by combining the ARIMA and ANN models.
Using the hybrid models they generated predictions.

4. LITERATURE RELATED TO THE ARIMA MODEL
The ARIMA (Auto-Regressive Integrated Moving Average) Model is a mathematical, statistical model used for analysis of a
Time-series and prediction of future values of the Time-series based on the past values of it. A timeseries is a sequence of
numerical data observed in regular intervals of time over a span of time. The regular interval is called the frequency of the
timeseries. In this research paper , we shall analyze an uni-variate timeseries.In an uni-variate timeseries , the present value of
the dependant variable is a function of its past values.

Here, y; = yi.; + Error/Randomness 1)

In Equation (1), y; is the dependant variable at time instant ‘t” which depends upon the value of y at time instant ‘t-1” given by
yer .Some common and classical examples of timeseries are — monthly average airplane passengers, weekly closing stock
prices, yearly inflation data etc. The principal components of a Time Series are — Trend, Seasonality, Cyclicity and
Randomness/Error. A time series can be decomposed into its constituent components — trend, seasonality and randomness. The
decomposition can be classified into two categories: Additive decomposition and Multiplicative decomposition.

Additive decomposition:

Y, = Trend, + Seasonality, + Randomness;, 2)
Multiplicative decomposition:
Y, = Trend, * Seasonality, * Randomness; 3)

In an Auto Regression (AR) model, we predict the uni-variate variable using a linear function of past values of the variable. The
term autoregression denotes that it is a regression of the variable against its own values. Thus, an autoregressive model of
order ‘p’can be written as - y= a0+ a1¥ye-1+ a2*ye2+ -+ + ap¥yt-p+ e, 4)

where et is white noise. This is similar to a multiple regression but with lagged values of y; as predictors. This shall be referred
to as an AR(p) model, an autoregressive model of order p.

AR(1) : y= aptari*y-1+e (5)

AR(2) : y= aot ar*y 1+ar*y o +e (6)

So, in order to represent y(t) in a AR model of order p’in terms of a linear function we can write :
Y=F(ye1 5 Yi2geees Yiop 5 €0) (7

In a Moving Average (MA) model ,instead of using past values of the predicted variable in a regression, a moving average
model uses past predicted errors (white noise) in a regression-type model. Thus, an moving average model of order ‘g’ can be
written as —

yt=bo+ et+ bi*e1+ ba*er2+ -+ + bg*etq (8)
where et is white noise. This shall be referred to as an MA(q) model, a moving average model of order q.
MA(I) Ly& b0+et+b1*et.1 (9)
MA(Q2) : y= botetbi*eritba*ews (10)
So, in order to represent y; in a MA model of order ‘¢’ in terms of a linear function we can write :
Y:=F(et1, €t2,..., €tq, €0) (11)

Then after deriving the AR and MA models we need to combine the models. We get the Auto Regression Moving
Average (ARMA) model. It is a combination of AR(p) and MA(q) , denoted by ARMA(p,q) . Here y(t) is a linear function of
the past values of y and also the past white noise(error) values. Thus, an ARMA model of order ‘p,q’ can be written as —

yt= a0+ ar*ye1t+az¥yeat.+ap*yep +ee +bot br¥ecitb2¥ecat.....tbq*yeq + et (12)
ARMA (0, 1): y= ag+bo+ectbi*er (13)
ARMA (1, 0): y=ao+ar*yr.i+bo+e; (14)
ARMA (1, 1): y=ag+a, *y. 1 +bot+ bi*eci+e (15)

A stationary time series is a series whose statistical attributes such as mean, variance, are all constant over time. Most
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statistical predictive methods are based on the assumption that the time series can be rendered approximately stationary (i.c.,
"stationarized") through the use of mathematical/ statistical transformations like differencing. A time series can be used for
predictive purposes using the ARIMA if and only if it is a stationary series. Stationarity of a Time Series can be tested or
verified using the Augmented Dickey-Fuller (ADF) test .To check stationarity perform ADF test for the null hypothesis of a
unit root of a single variable (univariate) time series. Here, null hypothesis is “not stationary” and alternate hypothesis is
“stationary”’.

One way to convert a non-stationary time series into a stationary one is to compute the differences between 2 consecutive
observations or values. This is known as Differencing. It can help stabilise the mean of a time series by removing changes in
the level of a time series, and therefore eliminating (or reducing) trend and seasonality. Differencing converts a non-stationary
series into a stationary one. We can say that, differencing de-trends a time series, i.e. it removes the trend component. The
differenced time-series is the alteration between consecutive observations in the original time-series, and can be represented
as y’t =yt — yt—1. The differenced time-series will have only T—1 values, since it is not possible to calculate a difference y'l
for the first observation or value of the time-series. The number of times differencing is computed on the series is called the
“order of differencing”. Denoted by‘d’.

1% order differencing: y’= y:- yr.1 (16)
The differenced series will have only T—1 values, because it is not possible to calculate a difference y'; for the first

observation.

2" order differencing:

ey y (17)
y”t = (}’t*Yt—l) *(}’t—l- }’t—z) (1 8)
V'e=pi—2%1 + yr2 (19)

In this case, y"; will have T—2 values.

Earlier when we combined the AR and the MA models then we had derived the ARMA model. Now we combine it with the
Differencing that was essential for achieving the stationarity . It is called as the Integrated model. When we combine the 3
models we get the ARIMA model. It is a combination of AR(p) , I(d) and MA(q) , denoted by ARIMA(p,d,q) . Here yt is a
function of the past values of y and also the past white noise(error) values. Thus, an ARIMA model of order ‘p, d, q’ can be
written as —

y’ 4= aot+ ar*ye1tar*yeat.+ap*yep +ec +bot bi*ecitbr*ecat. Abg*yeq + e (20)

For a time series, the Partial Auto-Correlation Function (PACF) between xt and xt-h can be defined as the conditional
correlation between xt and xt-h , conditional on the values of xt-h+1, ... , xt-1, the set of observations (values) that come
between the time instants ‘t” and ‘t—h’. At lag ‘h’, this is the correlation between the time-series observations (values) that
are ‘h’ intervals apart, accounting for the values of the intervals between. The order of PACF is ‘p’ which is the required
parameter for the AR model.

For a time series, AutoCorrelation Function (ACF) between xt and xt-h be defined as the correlation between xt and xt-h .
At lag ‘h’, this is the correlation between the values of xt and  xt-h without taking into consideration the interval values (as
was the case in PACF). The order of ACF is ‘q” which is the required parameter for the MA model. Using the parameters p,
d and q the ARIMA model is generated which will be used for predictive and forecasting purposes and accuracy checking.

5. DATA SOURCE USED FOR THE RESEARCH
The datasets used for the experiments recorded in this research paper have been retrieved from YAHOO FINANCE portal
holding TCS and Infosys historical data of stock prices. Two separate CSV files — one for TCS stock prices data and another
for Infosys stock prices data have been retrieved. Each of these CSV files has 948 rows (denoting 948 weeks from 1st week
of January, 2003 till the 3rd week of March, 2021) and 7 columns (date, opening value, high, low, closing value, adjusted
closing value, traded volume). The paper uses the “Closing” column for analysis and predictive purposes. The CSV files are
converted into data-frames in R.

6. METHODOLOGY OF THE EXPERIMENT
The experiment can be broadly divided into 3 phases — Data Exploratory Analysis, Forecasting Using the Predictive Model
and Accuracy Testing Using the Trained Model.

6.1 Data Exploratory Analysis

© International Journal of Engineering Researches and Management Studies http://www.ijerms.com

[4]


http://www.ijerms.com/

[Raychaudhuri, 12(6) June 2025] ISSN: 2394-7659
IMPACT FACTOR- 3.775

.

JERMS

| Retrieve TCS and Infosys data from YAHOO FINANCE repository of BSE Sensex historical data |

1

| Load the two .csv files into a R dataframe from analysis and prediction |
| Convert the dataframes into 2 Time Series objects and set the frequency as “weekly™ I

1

| Plot the two Sensex Timeseries , plot the lines denoting the Mean . Observe the broad overall trend. I

1

| Boxplot the TCS and Infosys timeseries to check for seasonality I

1

| Decompose the TCS and Infosys timescries in an additive and multiplicative manner . Plot the I

components produced from decomposition — trend . seasonality and error / randomness .

1

| Perform ETS test on the TCS and Infosys timeseries to check the nature of trend . seasonality and I

error / randommn in the them .

| Perform Webel-Ollech (WO) Test on the TCS and Infosys Timeseries to check for seasonality l

1

Perform ADDF Caugmented Dickey -Fuller) test to check for stationarity of the TCS and Infosys timcscrics‘

1

| Plot the Parial Auto-Correlation Function (PACE) graph of both the TC

+

| Plot the Auto-Correlation Function (ACE) graph:of both the TS and Infosys Timeseries I

S and Infosys Timeseries |

6.2 Forecasting Using The Predictive Model ( Perform the following steps for both TCS and Infosys Timeseries)

Check the TimeSer
for stationarity .

stationary/|

Not stationary

Set degree of differencing as d -
| Perform differencing of degree i on the series

Check the TimeSeries
for stationarity .

Not stationary

stationary

Set degree of differencing as d = i

T
L 2

Calculate degree of AR model =p and degree of MA maodel =q . It can be done
using 3 methods

Method 1 Method 2 Method 3

Set vector P =[0,1,2] . p=P;

Set vector Q = [0,1,2] . q=Qo

In an iterative manner check the AIC
score of ARIMA(p.d.q). The values of
p belongs to P.The values of q belongs
to Q. The combination of (p . d. q)
which provide the lowest AIC value is l
the most fit combination

Perform Auto-Arima in R to
find the best combination of
(p.d.q) . Set the value of d as
previously computed

Plot the PACF graph and
deduce p from it . Plot the
graph after differencing with
degree d (computed carlier)

Plot the ACF graph and deduce
q from it . Plot the graph after
differencing  with degree d
(computed earlier)

A
%ﬂ Generate the Arima model with parameters — p,d,q . I‘—l

| Use the generated Arima model for future forecasting of Sensex closing index data for a fixed period of intervals |

!

| Plot the predicted data values as a continuation to the actual data values across the timeline to represent a

continuous timeseries

6.3 Accuracy Testing Using The Trained Model (Perform the following steps for both TCS and Infosys Timeseries )
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The optimum values of p, d, q of the Arima have been achieved already .

A

Split the total dataset into Training dataset and Testing dataset.
Training dataset = 80% of the total data
Testing dataset = 20% of the total data

A

Using the Arima (p,d,q) on the Training dataset generate a
predictive model

A

Apply the predictive model on the Testing time period to
produce forecast values

A 4

Compare the actual values of the Testing dataset and the forecast
values of the Testing time period in a tabular format

y

Compare the actual values of the Testing dataset and the forecast
values of the Testing time period by plotting separate line
graphs . Observe the difference

A

Calculate the MAPE (Mean Absolute Percentage Error) and
Accuracy of the predictive model

7. RESULTS AND DISCUSSION
The experiments performed in this paper have been done using the R language and RGUI 64 bit IDE has been used. The data
is retrieved from the YAHOO Financial data repository which holds the historical prices of all the BSE and NSE registered
stocks. In this case, 2 sets of data have been retrieved. One is the TCS stock prices data from 1st week of January, 2003 till
the 3rd week of March, 2021 (weekly data observed at close of trade on every Wednesday). Second data is the INFOSYS
stock prices data from 1st week of January, 2003 till the 3rd week of March, 2021 (weekly data observed at close of trade on
every Wednesday). Both these data sets have 948 observations (denoting 948 weeks of observations). The snapshot of a
portion of the total TCS data retrieved is given below in Fig. 1. The snapshot of a portion of the total INFOSY'S data retrieved
is given below in Fig. 2:

VoY

Wom o=l o R

14
15

MyData <- read.csv(file="F:/PAPER IT STOCKS/PROGRAM/TCS.N3.csv",header=TRUE, £
MyData
Date Cpen High Low Clo=se Adj.Close Volume
1/1/2003 59.89875 62 .9250 S56.0625 S56.6000 42 . 38336 22322780
1/8/2003 57T.3500 60,1500 54.2500 56.8875 42 .59865 11642528
1/15/2003 57T.3500 60,2000 54.0000 54.2375 40.61429 E9626872
1/22/2003 54_.7000 55.7500 46.2500 50.3625 37.T71258 6480128
1/29/2003 S50.5250 53.4750 48.1750 50.5500 3T7.85298 6534896
2/5/2003 49 ._.7500 51.9125 47 . T500 48.0250 35.968221 39667892
2/12/2003 48.5250 49,0000 44.5625 4T .5625 35.61588 2864360
2/19/2003 458.2500 48.4625 45.3875 45.8000 34.29608 2084376
2/26/2003 46.2T750 48.9875 44 .6500 46.3375 34.69857 2154136
3/5/2003 45.8250 47T .0000 39.5750 42.0125 31.459%92 2098864
3/12/2003 43.1750 43.1750 40.2750 41.8000 31.30078 1245840
3/19/2003 42 .8750 44,2250 40.1250 40.9875 30.69236 1774160
3/26/2003 42 .2500 42,2500 32.4750 38.3B875 28.74543 950032
4/2/2003 38.3875 38.3875 38.3875 38.3B875 28.74543 Q
4/9/2003 38.3875 38.3875 38.3875 38.3B875 28.74543 Q
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.csv (£ile="F:/FAPER LT RAM/ INFY .BC.csv", header=TRUE, 5

Date Open High Low Close Rds.Close Wolume

1 1/152003 T4.40625 TE.14062 .58375 T4.33203 53.34440 120092032
2 1/8/2003 T4.60938 T5.28125 .se2s50 §9.51172 49.88511 173196800
3 1/15/2003 J70.31250 T2.91563 . 73438 69.22344 50.18057 122840128
4 1/22/2003 £o.92188 Fi.11172 .sE8250 67 .33203 48.32084 95047488
s 1/29/2003 67.81250 TO.22269 .2os31 s58.968541 42.49377 90743l6s
& 2/5/2003 68.43750 T1.07812 .0E250 66.33672 47 .60656 91362560
7 2/12/2003 £6.392062 67 .18750 37500 £6.26094 47.55217 101867328
8 2/19/2003 66.25938 &7 .70547 .s0482 64.47286 45.26881 S89385792
= 2/26/2003 64.53125 67 .87500 46875 64.24063 46.60466 o6474216
10 3/5/2003 £4.53125 65.60938 26562 64.52286 46.30471 92201472
11 S/12/2003 64.23828 64.79688 zs1z 63.09531 45.22036 62523584

iz 3/19/,2003 6€3.28125 69 .82812 -28125 66.6585%9 47 .83754 117076928
is 3/26/2003 66.64062 &7 .59375 -3437TS 63 .75547 45 .75413 TE904064%
14 a4,/2/2003 6£3.91406 68 .73281 -12500 66.04297 47 .39575 91860416
is 4/9,/,2003 65.62500 65.78125 -81250 44 _ TZ656 32 .09803 321635456
is a4/16/ 2003 45.15469 47 .5T7265 -92188 45.866250 32.76970 135620608
Ry 4/23,/2003 46.09375 46.84375 -37578 44 _ 66953 32 .05710 287481600
is 4,/30/2003 44 ._.64062 47 .95312 -03125 46.67812 33.49856 26362816
i9 S/ TA2003 47T .26562 47 .8T500 -0937TS 44 .90234 2 .224919 92654592
20 5/14,/2003 44 _ 76562 47 .60938 -65703 44 _ 71719 32.09130 116178240
21 S5/521/2003 44 .8437T5 45,70312 18750 40 .T70625 22.21285 11231532%

Fig. 2. A snapshot of a portion of the whole INFOSYS data

For experimental purposes only the “Close” attribute is used for analysis and prediction. So, the datasets are preprocessed to
retrieve only the required attribute (Close) along with the Date. Then the datasets are translated into a two Timeseries called
“Tes” and “Infosys”( frequency being weekly) . Snapshots of the processed Timeseries datasets (TCS and INFOSYS) are
given below in Fig. 3 and Fig. 4:

> tos <=— t= (MyD 1 (200 1 F

> te=

Time Series:

Start = = (2003, 1)

End = c(2021, 12)

Freguency = 52
[11 56.6000 54.2375 50.3625 50.5500 as. 7.
[e1 45.8000 42.0125 41.8000 40.9875 38. 38.
[151 38.3875 38.3875 38.3875 38.3875 38. ET-
(221 I8.38TS 38.3875 I8.38TS 38.3875 38. 8.
(291 38 .3875 2B _.3875 38 .3875 2B .387S5 =8 38 .
[36] 38.3875 38.3875 38.3875 38.3875 38. 38.
[243] 38.3875 38.3875 38.3875 38.3875 38. 38.
[s01 I8.38TS 38.3875 I8.38TS 38.3875 38. 8.
[571 I8.38TS 38.3875 I8.38TS 38.3875 38. 8.
1641 38.3875 38.3875 38.3875 38.3875 38. 105.
[711 80.0375 80.1125 TT.47T50 26.8125 85. a89.
[7e1 89.2125 S7.1875 2956.9375 ss.soo00  101. 102.
[E5] 115.1750 124.4500 126.9575 130.7250 12&. 135.
(221 135.557S 142 .31500 144 .9625 148 ._.5500 148 ¢ 1549 .
[22] 1592.3325 154.1450 159.0875 163.6700 167. 164.

[106] 157.9825 164.4075 164.5000 172.6700 170. 169.

[113] 217&6.7450 180.4450 171.3625 178.1825 172.7 1s51.

[120] 142.0875 144.0625 143.8200 154.3575 166.7 159,

Fig. 3. A snapshot of the total Timeseries “TCS” dataset from 1st week of January, 2003 till the 3rd week of March,
2021
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>

Time Series:

Start = c(2003, 1)

End = < (2021, 12)

Freqgquency — 52
[11 T4.33203 69.51172 69.92344 67 .33203 68.26641
[71 66.26054 54.4T266 64 .94063 54.52266 63.09531
[131 63.75547 66.04297 44 .72656 45.66250 44 .66953
(121 44.90234 44.71719 40 .70625 42.51718 44 .892062
(=251 49 .12500 51.63954% 50.64453 53.1921% 5z .30232 56.10859
(=11 58.31484 53.19531 54.50469 58.38203 60 .63281 F0.11328
[371 65.57422 67.21719 TO.69063 62 .62578 T3.65625 T1.13672
(231 69.92188 TE.23203 ¥7.331285 T72.10000 73.96016 20.41172
[4s1 TT.T74TEE 81.76328 £5.31406 88.35390 20.52812 S4.24453
(=51 87 .36406 81.46172 86.04375 24.39297 78 .75547 23 .15938
[611 TT.66053 FT7.33125 20.58594 T78.7171S 83.00234 85.78438
[s71 84 .06563 B80.23985 81 .50625 T78.98203 7E.35547 83 .735185
[731 S2.61054 80.97734 To.424237 =3.99922 87.30312 59.14375
(721 87 .65312 290.4781S 9z .42812 98.55000 25.23438 22 .5920862
(251 97 .25000 22.43125 101.02812 106.09688 104.76250 100.71250
(o211 107.34062 107.01562 110.41875 116.41563 119.37813 127.20312
[e271 128.05000 126.92188 134.27188 127.43437 128.20000 132.24374

[103] 128.86563 130.52188 123.18437 122.70000 119.49375 128.97501

[1o2] 127.56875 136.50313 135.11563 136.35312 141.51250 137.80937

Figure 4. A snapshot of the total Timeseries “INFOSYS” dataset from 1st week of January, 2003 till the 3rd week of
March, 2021

Data exploratory analysis is performed by plotting the TCS and INFOSYS timeseries graph along with its mean line to
observe the trend. There is a general upward increasing trend that can be visualized in both the timeseries datasets. The
graphical representation of the TCS and INFOSY'S timeseries and its mean line are given below in Fig. 5, Fig. 6, Fig. 7 and
Fig. 8.
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Fig. 6. Graph representing the TCS Timeseries data along with its Mean line
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Fig. 8. Graph representing the INFOSYS Timeseries data along with its Mean line

The Boxplot curves for the TCS and Infosys datasets are also plotted. The boxplots are given in Fig. 9 and Fig. 10.
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Fig. 9. Boxplot representing the TCS Timeseries data
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The TCS and Infosys timeseries(s) are decomposed into their principal components — Trend, Seasonality and Randomness /
Error. The graphical representation the decomposed components of the aforementioned datasets are given below in Fig. 11

and Fig. 12.

Fig. 10. Boxplot representing the INFOSYS Timeseries data
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Fig. 12. Graph denoting the decomposed components of the INFOSYS dataset

The ETS (Error , Trend , Seasonality) test is performed on the TCS and INFOSYS timeseries . The results obtained are given
below in Table 1 -

Data Error Trend Seasonality
TCS Data Multiplicative Additive None

Multiplicative Additive None
INFOSYS Data

Table 1. ETS Test Results

The ADF (Augmented Dickey-Fuller) test is performed on the TCS and INFOSYS timeseries to check for stationarity . The
confidence level is taken to be 95% (0.95). The results obtained are given below in Table 2 —

Data T-Statistic P-Value Conclusion
TCS Data 0.093481 0.99 Not Stationary

0.93936 0.99 Not Stationary
INFOSYS Data

Table 2. ADF Test Results

For checking the Seasonality of the timeseries datasets, we have used the Webel and Ollech (WO) Test. The WO test produces
3 separate results — QS , QS-R and KW-R test results. The WO Test results are given below in Table 3-

Data T-Statistic P-Value Conclusion
QS-test QS-R test KW-R-test
TCS Data 0 1 1 0.9275484 Not Seasonal
0 0.5215291 0.7003536 0.1141231 Not Seasonal
INFOSYS Data

Table 3. Webel and Ollech (WO) Test Results for checking Seasonality

From the ETS Test , ADF Test and WO Test results given in Table 1, Table 2 and Table 3 respectively, we can conclude that
both the datasets are Not Seasonal in nature. But, the ETS and ADF Test results indicate that both the TCS and INFOSYS
datasets are Not Stationary in nature. Thus in order to generate predictive models using these datasets we need to stationarize
these datasets. Both the datsets have an upward trend. Usind d=1, one degree of differencing is done on both the datasets .
The results are given below in Fig.13, Fig. 14, Fig. 15, Fig. 16, Fig. 17 and Fig. 18:

© International Journal of Engineering Researches and Management Studies http://www.ijerms.com

[10]



http://www.ijerms.com/

[Raychaudhuri, 12(6) June 2025] ISSN: 2394-7659
IMPACT FACTOR- 3.775

-

m

-

=
=%

=

"

i)

Wl

2005 20710 2015 2020

TirTe

Fig. 13. Graph representing the TCS Timeseries data with Differencing d=1

s

2005 2010 2015 2020

Tirme

Fig. 14. Graph representing the TCS Timeseries data and its Mean Line with Differencing d=1
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Fig. 15. Graph denoting the decomposed components of the TCS dataset with Differencing d=1
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Figure 16. Graph representing the INFOSYS Timeseries data with Differencing d=1
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Fig. 18. Graph denoting the decomposed components of the INFOSYS dataset with Differencing d=1

It is evident from the Fig.13, Fig. 14, Fig. 15, Fig. 16, Fig. 17 and Fig. 18 graphs that the upward trend has dissappeared after
the differencing step. Now , the ETS test is performed on the differenced timeseries. The results obtained are given below in
Table 4 —

Data Error Trend Seasonality
TCS Data after Differencing Additive None None
(a=1)

Additive None None
INFOSYS Data after
Differencing (d=1)

Table 4. ETS Test Results after Differencing (d=1)

The ADF (Augmented Dickey-Fuller) test is performed on the differenced timeseries to check for stationarity . The confidence
level is taken to be 95%(0.95) . The results obtained are given below in Table 5 —

Data T-Statistic P-Value Conclusion
TCS Data after Differencing -10.091 0.01 Stationary
(d=1)

-9.7035 0.01 Stationary
INFOSYS Data after
Differencing (d=1)

Table 5. ADF Test Results after Differencing (d=1)

As is evident from the results of the ETS and the ADF tests , the TCS and INFOSYS timeseries after 1 step differencing
becomes stationary . So , the value of d of the ARIMA model has been set to 1. To compute the values of p and q , 3 methods
were discussed in the earlier section. Now they will be implemented.
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Method 1 : Using the Auto Arima functionality of R , the best combination of ARIMA (p,d,q) for TCS timeseries data comes
out to be : ARIMA(0,1,2) with drift . Using the Auto Arima functionality of R , the best combination of ARIMA (p,d,q) for

ne 2025]

INFOSYS timeseries data comes out to be : ARIMA(3,2,1) with drift .

Method 2 : Using the iterative process of selecting the optimal values of p and q (set d=1) for the lowest AIC (Akaike

ISSN: 2394-7659

IMPACT FACTOR- 3.775

Information Criterion) value for TCS timeseries data gives the following result in Table 6 —

q q=0 q=1 q=2

p
p=0 9575.829 9571.743 9565.173
p=1 9572.857 9564.468 9564.903
p= 9566.143 9565.819 9564.241

Table 6. Iterative Test Results for determining value of p and q using AIC of TCS Data

The AIC value given by p=2 , =2 (ARIMA(2,1,2)) is the lowest . Thus using this method the function is ARIMA (2,1,2) for

the TCS timeseries data.

Using the iterative process of selecting the optimal values of p and q (set d=1) for the lowest AIC (Akaike Information
Criterion) value for INFOSY'S timeseries data gives the following result in Table 7 —

q q=0 q=1 q=

p
p= 8142.813 8144.722 8145.435
p=1 8144.729 8146.633 8146.454
p=2 8145.287 8146.285 8145.152

Table 7. Iterative Test Results for determining value of p and q using AIC of INFOSYS Data

The AIC value given by p=0, =0 (ARIMA(0,1,0)) is the lowest . Thus using this method the function is ARIMA (0,1,0) for
the INFOSY'S timeseries data.

Method 3 : Plot the PACF and the ACF graphs and deduce the vlues and p and q from it. The PACF graph and the ACF graph
for the TCS timeseries data has been plotted and are given in Fig. 19 and Fig. 20.

Series dirf(tcs)

Partal A
Q05000 ]
!
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Figure 19. Figure representing the PACF graph of the TCS timeseries data

It is evident from the PACF graph in Fig. 19, that after the spike at lag=2, the graph cuts off and thus decreases the correlation
factor after lag=2 . So p=2 is deduced from the PACF graph.
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Figure 20. Figure representing the ACF graph of the TCS timeseries data

It is evident from the ACF graph in Fig. 20 , that after the spike at lag=2, the graph cuts off and thus decreases the correlation
factor after lag=2 . So q=2 is deduced from the PACF graph.

Thus using this method the function is ARIMA (2,1,2) for the TCS timeseries data.
The PACF graph and the ACF graph for the INFOSYS timeseries data has been plotted and are given in Fig. 21 and Fig. 22.
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Fig. 21. Figure representing the PACF graph of the INFOSYS timeseries data

It is evident from the PACF graph in Fig. 21 , that from the initial lag (lag=1), the graph cuts off and thus decreases the
correlation factor from the beginning . So p=0 is deduced from the PACF graph.

sSeries cAifr{imTy)

A
{

Fig. 22. Figure representing the ACF graph of the INFOSYS timeseries data

It is evident from the ACF graph in Fig.22 that from the initial lag (lag=1), the graph cuts off and thus decreases the correlation
factor from the beginning. So q=0 is deduced from the ACF graph.

Thus using this method the function is ARIMA (0,1,0) for the INFOSY'S timeseries data.

Using the 3 methodologies for choosing the optimal ARIMA Model of the TCS and INFOSYS timeseries data, we have
obtained 2 models for each of the datasets. It is summarized in Table 8 —
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ARIMA Model using ARIMA Model using iterative ARIMA Model using
Auto-Arima minimum AIC value PACF and ACF graphs
TCS Data 0,1,2) (2,1,2)
INFOSYS Data 3.2,1) (0,1,0)

Table 8. Iterative Test Results for determining value of p and q using AIC of INFOSYS Data

So , in case of TCS data, 2 predictive models are built - ARIMA(0,1,2) and ARIMA(2,1,2) using which future TCS stock
closing index values can be predicted . In this paper both these models are used for prediction of TCS stock closing index
values from the 4th week of March, 2021 till the 3rd week of March, 2026 (five years or 260 weeks). Two separate data
reuslts have been obtained and both have been plotted in Fig. 23, Fig. 24, Fig. 25 and Fig. 26.
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Fig. 24. Graph plotting the actual TCS data from 1st week of January, 2003 till the 3rd week of March, 2021and future
predicted data from 4th week of March, 2021 till the 3rd week of March, 2026 using ARIMA(0,1,2) . Solid lines denote actual
data and dotted lines denote predicted data .
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Fig. 25. Portion of the predicted future TCS data starting from the 4th week of March, 2021 using ARIMA(2,1,2)
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Fig. 26. Graph plotting the actual TCS data from 1st week of January, 2003 till the 3rd week of March, 2021and future
predicted data from 4th week of March, 2021 till the 3rd week of March, 2026 using ARIMA(2,1,2) . Solid lines denote actual

data and dotted lines denote predicted data .

In case of INFOSYS data, 2 predictive models are built - ARIMA(3,2,1) and ARIMA(0,1,0) using which future INFOSY'S
stock closing index values can be predicted . In this paper both these models are used for prediction of INFOSYS stock
closing index values from the 4th week of March, 2021 till the 3rd week of March, 2026 (five years or 260 weeks). Two

separate data reuslts have been obtained and both have been plotted in Fig. 27
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Fig. 27. Portion

of the predicted future INFOSYS data starting from the 4th week of March, 2021 using ARIMA(3,2,1)
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Fig. 28. Graph plotting the actual INFOSY'S data from 1st week of January, 2003 till the 3rd week of March, 2021and future
predicted data from 4th week of March, 2021 till the 3rd week of March, 2026 using ARIMA(3,2,1) . Solid lines denote actual

data and dotted lines denote predicted data .
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Fig. 29. Portion of the predicted future INFOSY'S data starting from the 4th week of March, 2021 using ARIMA(0,1,0)
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Fig. 30. Graph plotting the actual INFOSY'S data from 1st week of January, 2003 till the 3rd week of March, 2021and future
predicted data from 4th week of March, 2021 till the 3rd week of March, 2026 using ARIMA(0,1,0) . Solid lines denote actual
data and dotted lines denote predicted data .

For both the TCS and Infosys data, 2 ARIMA predictive models are generated. Now these models are subjected to accuracy
testing. The total dataset (1st week of January, 2003 till the 3rd week of March, 2021) of TCS and Infosys data is divided into
Training dataset and Testing dataset. The split is done in an 80:20 ratio in favour of Training dataset over Testing dataset.
The Training dataset will span from 1st week of January, 2003 — 3rd week of March, 2019 and the Testing dataset will span
from 4th week of March, 2019 — 3rd week of March, 2021. For the TCS dataset, the two predictive models — ARIMA (2, 1,
2) and ARIMA (0, 1, 2) are trained using the Training dataset. Then they are used to predict the TCS weekly closing index
prices from 4th week of March, 2019 — 3rd week of March, 2021. The results produced are as follows, given in Fig. 31, Fig.

32 and Fig. 33—
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Fig. 31. Comparison of the predicted values generated by the 2 ARIMA models in contrast with the actual data value present

in the Testing dataset for the TCS data
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Fig. 32. Line graph representing the Actual Values (Green line) Vs Predicted values (Red line) using ARIMA (2,1,2) for the

TCS dataset
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Fig. 33. Line graph representing the Actual Values (Green line) Vs Predicted values (Red line) using ARIMA (0,1,2) for the
TCS dataset

For the INFOSYS dataset, the two predictive models — ARIMA (0, 1, 0) and ARIMA (3, 2, 1) are trained using the Training
dataset. Then they are used to predict the INFOSYS weekly closing index prices from 4th week of March, 2019 — 3rd week
of March, 2021. The results produced are as follows, given in Fig. 34, Fig. 35 and Fig. 36—
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Fig. 34. Comparison of the predicted values generated by the 2 ARIMA models in contrast with the actual data value present
in the Testing dataset for the INFOSYS data
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Fig. 35. Line graph representing the Actual Values (Green line) Vs Predicted values (Red line) using ARIMA (0,1,0) for the
INFOSYS dataset
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Fig. 36. Line graph representing the Actual Values (Green line) Vs Predicted values (Red line) using ARIMA (3,2,1) for the
INFOSYS dataset
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In order to the perform accuracy testing, the following error metrics were calculated — MAPE (Mean Absolute Percentage
Error) and MPE (Mean Percentage Error). The error metrics observed have been tabulated in Table 9 (for the TCS dataset)
and Table 10 (for the INFOSYS dataset).

ACCURACY TEST USING ARIMA (2,1,2) ACCURACY TEST USING ARIMA (0,1,2)
MAPE (%) MPE (%) MAPE (%) MPE (%)
1070464 3.276394 11.22923 4.946187

Table 9. Accuracy testing results of TCS Data

ACCURACY TEST USING ARIMA (0,1,0) ACCURACY TEST USING ARIMA (3,2,1)
MAPE (%) MPE (%) MAPE (%) MPE (%)
1794371 7.071973 16.85683 6.237845

Table 10. Accuracy testing results of INFOSYS Data

8. CONCLUSION AND SCOPE OF FUTURE IMPROVEMENT
The research paper has tried to study, analyse the TCS and Infosys weekly stock prices data from 1st week of January, 2003
till the 3rd week of March, 2021 (948 weeks), and generate a predictive model for forecasting the future stock prices of TCS
and Infosys. The paper has performed a accuracy testing to check the magintude of success of the prediction done by the
generated predictive models. It has achieved a MAPE and MPE rate which is < 12% in 75% of the tested ARIMA models.
This paper might help future researchers in investigating further in the field of Timeseries analysis and generation of
predictive models.

Artificial neural networks (ANN) are being used widely now to predict the stock markets. Facebook’s open source library
Prophet can be used for analysing and predicting timeseries data.
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