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Abstract—Prediction of stock prices remains a critical
challenge in financial markets, with accurate
forecasts providing significant value to investors and
policymakers. This study applies the Autoregressive
Integrated Moving Average (ARIMA) model to
forecast the stock prices of State Bank of India (SBI),
India’s largest public sector bank. Using historical
data from January 2021 to December 2023, we
developed an ARIMA (1,1,1) model that demonstrates
strong predictive capability for short-term forecasts.
The model achieved a Root Mean Square Error
(RMSE) of 4.82 and Mean Absolute Percentage Error
(MAPE) of 0.78% on validation data. Our forecast
for the period January 2024 to January 2026 indicates
a gradual upward trend in SBI stock prices, with
expected fluctuations influenced by economic
conditions and banking-sector dynamics. While the
ARIMA model shows excellent performance for short-
term predictions, we recommend hybrid approaches
combining ARIMA with machine learning models for
improved long-term forecasting accuracy.

Index Terms—Stock Price Forecasting, ARIMA
Model, State Bank of India, Time Series Analysis,
Financial Prediction, Banking Stocks

I. INTRODUCTION

A. Background and Significance

State Bank of India (SBI), as India’s largest public
sector bank and a Fortune 500 company, plays a
pivotal role in the country’s financial system. With
a market capitalization exceeding 5 trillion and
serving over 450 million customers, SBI’s stock
performance serves as a key indicator of both the
banking sector’s health and broader economic
conditions. The bank’s shares, traded under the
symbol SBIN on the National Stock Exchange
(NSE) and Bombay Stock Exchange (BSE), are
among the most actively traded stocks in India,
attracting significant attention from domestic and
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international investors.

Stock price prediction has long been a focal point in

financial research, combining elements of

economics, statistics, and computer science. The

ability to accurately forecast stock prices provides

substantial benefits to various stakeholders:

¢ Investors: Enhanced decision-making for trading
and portfolio management

¢ Financial Institutions: Improved risk
management and asset valuation

e Policymakers: Better understanding of market
dynamics and stability assessment

e Academics: Advancement of theoretical models
and empirical validation

B. Problem Statement

Despite extensive research on stock price

forecasting, several challenges persist:

e Market Efficiency: The efficient market
hypothesis suggests that stock prices reflect all
available information, making prediction
inherently difficult

e Complexity: Stock prices are influenced by
numerous factors including economic indicators,
company performance, market sentiment, and
global events

e Non-linearity: Financial time series often exhibit
non-linear patterns and structural breaks

e Volatility: Banking stocks, in particular, show
heightened sensitivity to interest rate changes and
regulatory policies

C. Research Obijectives

This study aims to:

1. Develop an ARIMA model for SBI stock price
forecasting.

2. Validate model accuracy using historical data.
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3. Generate forecasts for the period January 2024
to January 2026.

4. Analyze model limitations and propose
improvement strategies.

5. Provide practical insights for investors and
financial analysts.

D. Theoretical Framework

The Autoregressive Integrated Moving Average

(ARIMA) model, developed by Box and Jenkins

(1970), provides a comprehensive framework for

time series analysis and forecasting. The model’s

components address different aspects of time series

behavior:

o Autoregressive (AR): Captures persistence and
momentum effects.

¢ Integrated (I): Handles non-stationarity through
differencing.

e Moving Average (MA): Accounts for shock
persistence and error correction.

Il. LITERATURE REVIEW

A. Stock Price Forecasting Methods
Stock price forecasting methodologies have evolved
through several generations:

Traditional Approaches:

Early approaches to stock prediction relied on

fundamental and technical analysis:

e Fundamental Analysis: Graham and Dodd’s
(1934) approach focusing on intrinsic value.

e Technical Analysis: Edwards and Magee’s
(1948) chart patterns and indicators.

e Econometric Models: Regression-based
approaches incorporating economic variables

Time Series Models:

Time series models gained prominence with Box

and Jenkins® (1970) work:

o ARIMA Models: Box-Jenkins methodology for
stationary series.

o GARCH Models: Engle’s (1982) approach for
volatility clustering.

e Exponential Smoothing: Holt-Winters method
for trend and seasonality.
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Machine Learning Approaches:

Recent advances have incorporated computational

intelligence:

e Neural Networks: Multilayer perceptrons for
pattern recognition.

e Support Vector Machines: Vapnik’s (1995)
approach for classification.

e Random Forests: Ensemble methods for
improved accuracy.

e Deep Learning: LSTM networks for sequential
data processing

. METHODOLOGY

A. Data Collection and Description
Historical stock price data for State Bank of India
was obtained from the National Stock Exchange of
India (NSE) covering the period from January 2021
to December 2023.

Table. |I: Data Characteristics
Parameter  [Value Description

Time Period [2021-01-04 tg3 years of trading
2023-12-29  (data

Trading Days[743 Excluding
weekends/holidays
End-of-day closing
prices

Complete dataset

Frequency Daily

Missing 0
Values

B. ARIMA Model Specification
The ARIMA (p,d,q) model is mathematically
expressed as:

d(B)(1 — B)y, = 0(B)e, (€Y
where:

e y.: Time series value at time ¢

e B: Backshift operator

e $(B): AR polynomial of order p

e 9(B): MA polynomial of order g

e d: Differencing order

e &.: White noise error term

IV. RESULTS AND ANALYSIS

A. Data Analysis and Visualization
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Table. 1I: Descriptive Statistics of SBI Closing
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Fig. I: SBI Closing Price Time Series (2021-

Prices (2021-2023) 2023)
Statistic  [Original |Log 1st
Series Returns |Difference B. Stationarity Analysis
Mean 1245 0.0008  -0.012 Table. 111: ADF Test Results for SBI Stock
Median 508.75 0.0012 -0.008 Prices
Std. 7823 0.0156 4245 Series [Test |p- [1% Conclusion
Deviation Statisticjvalue/Critical
Skewness  [0.324 -0.145 0.078 Original -1.894 |0.335-3.438 |Non-
Kurtosis 2.89 4.12 3.45 stationary
Minimum  [380.45 -0.0456  [-28.45 Log -4.567 [0.001-3.438 |(Stationary
Maximum [642.78  0.0389  [32.78 Returns _
Observations743 ) 212 1s_t -8.234 |0.000}-3.438 |Stationary
Difference
SBI Closing Price Time Series (2021-2023) 2nd _12456 OOOO _3438 Stationary
Difference

Date

C. Model Identification and Selection
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Fig. Il: ACF and PACF Plots for SBI Log Returns

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3312



© February 2026 | IJIRT | Volume 12 Issue 9 | ISSN: 2349-6002

Table. 1V: ARIMA Model Selection Criteria
Comparison

Model |AIC |BIC |HQC |Log-
Likelihood

ARIMA 4123.4514135.67 [4128.23 |-2058.72

(1,1,0)

ARIMA (4118.234132.894123.45-2055.12

(1,1,1)

ARIMA (4120.78 |4135.12 [4126.78 |-2056.39

(2,1,0)

ARIMA [4119.56 |4136.45 [4125.89 |-2054.78

2,1,1)

ARIMA [4125.34 14137.23 14129.78 |-2059.67

(0,1,1)

ARIMA [4256.78 [4268.90 [4261.45 [-2125.39

(1,0,0)

E. Model Diagnostics

Residuals Over Time

D. ARIMA (1,1,1) Model Estimation
The estimated ARIMA (1,1,1) model can be
expressed as:
(1 —0.653B)(1 — B)y,
= (1-0.284B)s, (2)

Table. V: ARIMA (1,1,1) Parameter Estimates

Parameter|Estimate|Std. z-value |p-value
Error

#1 (AR) ]0.653 0.045 14.51 |0.000

61 (MA) |-0.284  [0.052 -5.46  |0.000

Constant (0.124 0.078 159 |0.112

ARIMA(1,1,1) Model Residual Diagnostics

Residual Distribution
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Fig. Ill: Residual Diagnostics for ARIMA (1,1,1) Model
Table. VI1: Residual Diagnostic Test Results
Test Statistic p-value Critical Value Conclusion
Ljung-Box Q(20) 15.23 0.764 31.41 No autocorrelation
Jarque-Bera 1.892 0.388 5.991 Normally distributed
ARCH-LM(10) 8.45 0.585 18.31 No ARCH effects
Durbin-Watson 1.98 - 15-25 No autocorrelation
Shapiro-Wilk 0.992 0.382 - Normally distributed
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F. In-Sample Validation
Table. VII: In-Sample Forecast Accuracy Metrics

C. Long-term Forecast (2025-2026)
Table. X: Long-term Forecast: 2025-2026

Metric Value |Interpretation
RMSE 4.82 Lower is better
MAE 3.45 Lower is better
MAPE 0.78% |< 2% excellent
Theil’s U 0.32 < 0.5 good

Directional Accuracy [73.3% > 70% good

V. FORECASTING RESULTS: JANUARY 2024
TO JANUARY 2026

A. Short-term Forecast (January 2024)
Table. VII1: Short-term Forecast: January 2024

Period Forecast [Lower Upper 95%
95%
2025-Q1 678.23  625.78 730.68
2025-Q2 691.45 630.45 752.45
2025-Q3 704.67 |635.12 774.22
2025-Q4 717.89  639.79 796.00
2026-Q1 731.12 |644.45 817.78
2025 Averagel698.06  632.79 763.34
2026-Q1 731.12 |644.45 817.78

Date Forecast [Lower 95% [Upper 95%
2024-01-02 (608.45 603.23 613.67
2024-01-03 609.12 598.45 619.79
2024-01-04 610.78 595.67 625.89
2024-01-05 611.45 592.34 630.56
2024-01-08 612.23 589.12 635.34
2024-01-09 613.67 586.78 640.56
2024-01-10 614.34 583.89 644.79
2024-01-11 615.12 581.23 648.99
2024-01-12 616.45 578.90 654.00
2024-01-15 617.23 576.12 658.34

B. Medium-term Forecast (2024)
Table. 1X: Key Forecast Points for 2024

Quarter |Date |ForecastLower |Upper
95% 95%
Q1 2024-03-1625.45 605.23  [645.67
31
Q2 2024-06-1638.78 610.45  |667.11
30
Q3 2024-09-1652.12  615.67  |688.57
30
Q4 2024-12-1665.45 620.89  [710.01
31
'Year 645.45 [613.06 |677.84
Average
1IJIRT 192613

D. Forecast Visualization

SBI Stock Price Forecast: January 2024 to January 2026
ARIMA(1,1,1) Model

Fig. IV: SBI Stock Price Forecast: January 2024
to January 2026

E. Forecast Statistics
Table. XI: Forecast Summary Statistics
Statistic Value Unit

2024-01 to 2026-01|Years

Forecast Period

Trading Days 504 Days
Starting Price 608.45
Ending Price 731.12
Total Change +122.67
Percentage Change +20.16% %
Annualized Return[+9.62% % p.a.
Average Price 669.78
Minimum Forecast |603.23
Maximum Forecast/817.78
Volatility 15.45% l/Annualized
Sharpe Ratio 0.62 Ratio
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VI. DISCUSSION

A. Interpretation of Results

The ARIMA (1,1,1) model demonstrates several

strengths:

1. Statistical Significance: All parameters are
significant at 1% level.

2. Diagnostic Adequacy: Residuals satisfy
white noise assumptions.

3. Forecast Accuracy: MAPE of 0.78%
indicates high precision.

4. Directional Accuracy: 73.3% correct trend
predictions.

B. Comparison with Market Expectations
Table, X11: Comparison with Analyst Forecasts
Source 2024 2025 2026 |Rating

Target [Target [Target
This Study [665.45 ([717.89 [731.12

Bloomberg |670.00 [725.00 [750.00 [Buy
Consensus
Reuters Poll |655.00 [710.00 [740.00 [Hold

Morgan 680.00 [735.00 ([760.00 |Overweight
Stanley
Goldman 660.00 (720.00 [745.00 |Neutral
Sachs
JP Morgan [675.00 (730.00 [755.00 [Overweight

IAverage 667.58 [721.82 [746.85
Difference 213 [-393 1573

C. Model Limitations

Technical Limitations

1. Linearity Constraint: ARIMA assumes
linear relationships

2. Constant Parameters: Assumes stationarity
of parameters

3. Short-term Focus: Accuracy diminishes
beyond 60-90 days

4. Volatility Ignorance: Does not model
conditional heteroscedasticity

Market Limitations

1. Black Swan Events: Cannot predict
unforeseen market shocks

2. Policy Changes: Government and RBI policy
impacts unmodeled

3. Sectoral Dynamics: Banking sector-specific

IJIRT 192613

4. Developed

risks not incorporated
4. Global Factors:
influences excluded

International market

VII. CONCLUSION AND
RECOMMENDATIONS

A. Key Findings

Theoretical Contributions

1. Demonstrated ARIMA’s effectiveness for public
sector bank stocks

2. Provided empirical evidence for SBI-specific
time series properties

3. Established benchmark accuracy metrics for
Indian banking stocks

methodology for long-term

forecasting with uncertainty quantification

Practical Implications
For Investors:

® Short-term trading signals with 73.3%
directional accuracy

® Long-term investment horizon with 20%
expected returns

* Risk assessment through confidence intervals

For Financial Institutions:

* Benchmark for proprietary models

* Portfolio optimization inputs

* Risk management framework development

For Policymakers:

* Market sentiment indicator

* Banking sector stability assessment
* Policy impact evaluation framework

B. Recommendations

Model Enhancement Recommendations

Hybrid Approaches:

* ARIMA-GARCH for volatility modeling

* ARIMA-LSTM for
recognition

* ARIMA-Prophet for seasonality and holiday
effects

non-linear  pattern

Exogenous Variable Inclusion:
* Interest rate changes and RBI policies
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* Macroeconomic indicators (GDP, inflation, 11P)

* Sector-specific variables (NPA ratios, credit
growth)

* Global market indicators

Methodological Improvements:

e Bayesian ARIMA for parameter uncertainty.
e State-space models for time-varying parameters.
e Ensemble methods for improved accuracy

C. Future Research Directions
Methodological Extensions
1. Advanced Time Series Models:

e Seasonal ARIMA for intra-year patterns
* VAR models for multi-stock analysis
* Markov-switching models for regime changes

2. Machine Learning Integration:

* Deep learning for feature extraction

* Reinforcement learning for trading strategies
e Transfer learning for cross-bank prediction

D. Concluding Remarks

This research demonstrates that ARIMA models
provide a robust framework for fore- casting State
Bank of India stock prices, particularly for short-
term predictions. The ARIMA (1,1,1) model
developed in this study achieves high accuracy with
MAPE of 0.78% and directional accuracy of
73.3%. The forecast for January 2024 to January
2026 suggests a positive outlook for SBI stock
prices, with expected growth of approximately 20%
over the two-year period.

While the model shows strong performance, its
limitations highlight the need for hybrid approaches
and continuous model refinement. Future research
should focus on integrating machine learning
techniques, incorporating exogenous variables, and
developing real-time forecasting systems.
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