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Abstract: Regression analysis is a vital data-driven technique
for examining variable relationships and predicting outcomes.
It allows researchers to identify how independent variables
influence a dependent variable, enabling predictions, trend
analysis, and decision-making across various fields. This
paper provides a comprehensive overview of regression
techniques, which includes simple and multiple linear
regression as well as logistic and polynomial regression
models. Each technique is explained with its assumption,
mathematical formulation, and use cases. The study also
highlights the strengths and limitations of each model. This
work aims to gain a deeper understanding of regression
analysis and its practical application in real-world datasets.
This also examines their applications in the field of modern
engineering and machine learning.
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1. Introduction

Regression analysis is a commonly used Statistical method for modelling and analysis of
data. If two variables are involved, one variable depends on another; regression helps
quantify the strength, direction, and nature of this relationship [5,7]. In basic terms, the
variable being predicted is known as the dependent variable, while the factor used to make
the prediction is the independent variable. Regression is a method for analyzing how one
variable is influenced by one or more other variables. The dependent variable is also known
as an explained variable, predictand, and endogenous variable, while the independent
variable is known as the explanatory, regressor, and exogenous variable [1].

*Corresponding Author: anjalikavungal566@gmail.com

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons
Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/).



EPJ Web of Conferences 376, 06001 (2026) https://doi.org/10.1051/epjconf/202637606001
ICRAMEN 2026

Regression analysis is also used in machine learning and modern engineering to identify the
relationship between variables and prediction. The fundamental regression methods are used
to handle various types of data according to the problem. Comparison of these methods helps
researchers in the selection of the most appropriate method as per the problem statement
[28,33,34].

The regression technique also allows us to determine the average relationship between the
dependent variable and the independent variable. It determines the effect of each of the
independent variables on the dependent variable. To predict the value of the dependent
variable for a given value of the independent variable [9,10]. For the given data set it requires
fitting the correct model, which could be further utilized for predictions. Also

»  With the usage of an appropriate model, it can be used for the prediction of stock
prices and medical conditions.

» Utilization of Regression analysis provides robust scientific backing, which
enhances the reliability of decision and policy formulation.

» It can correct an error in thinking.

» It provides a new perspective.

The use of regression also extends across various fields like economics, engineering, data
science, psychology, medical research, and business analytics. Whether forecasting sales,
identifying risk factors for diseases, or analysing student performance, regression models
serve the backbone for evidence-based decision making [8,11,16].

1.1 Taxonomy of Literature

Regression is a classical statistical technique that analyses how variables interact to forecast
trends, serving as a staple method in economics and medicine. Early foundational work by
Galton and Pearson [35] started with simple linear regression, which fits a straight line to the
data; it remains extensively used due to its interpretability and computational efficiency. As
a real-world dataset grew more complex, the need to incorporate models capable for
capturing multidimensional relationships. Kutner et al [36] highlighted that multiple linear
regression allows researchers to better explain variability in an outcome by considering
several independent variables. When we need to predict a yes/no outcome, we use logistic
regression. This model is good for binary outcomes and provides clear information about the
odds of an event happening. It was firstly formalized by Cox [37]. Classification algorithms
are frequently applying to research problems within the fields of medicine, social science and
marketing. In comparative studies, such as the one by James and colleagues, results indicate
that simple models like linear and logistic regression work well when the data relationships
are straight forward. However, these simple models don’t perform as well when the
relationships are highly curved or complex. When the relationship between variables is
nonlinear, we use polynomial regression. It is a flexible method capable of modelling
curvature in data. Draper and Smith [38] noted that polynomial regression serves as a
powerful tool for modelling complex trends in fields like engineering and physical science.
Zhang and Lin [39] also reported that polynomial regression can yield higher predictive
accuracy for nonlinear data, through it is more sensitive to noise and overfitting.

This paper is on a discussion of major types of regression models. In section I and II we have
discussed types of regression models: linear regression, logistic regression, multiple linear
regression and polynomial regressions with examples. In section III we have discussed
comparison of these regression models with application.
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Fig. 1. PRISMA Flow Diagram

2. Regression Models

Regression analysis is a method for modelling and forecasting relationships between inputs
and a specific outcome, often used to predict the future trends based on historical data.
Regression techniques are tailored based on the nature of the target variable, the types of
predictors and the underlying data distribution [14,15]. The most popular regression
approaches are discussed in this article.

2.1 Simple Linear Regression

Linear regression is a foundational and widely utilized statistical modelling technique. In this
the dependent variable must be continuous, and its relationship with the independent variable
is assumed to be linear [2,13,18]. Simple linear regression uses a straight-line formula (y =
mx + ¢) to model the interaction between one input and one output. The least square method
is used to estimate the best- fitting line, where value of the dependent variable is predicted
based on the independent variable value [23]. The first-order linear model is given by
Y=o+ pix+e

Where, y =dependent variable

Bo =y intercept

B, =Slope of the line

€=error variable

€ is a normally distributed random variable.

WithE(€) = 0 & V(€) = g2

Linear regression model, follows the assumptions as

1. Linearity: A Linear relationship exists between independent and dependent variables.
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2. No outliers: The data is free from influential points or extreme outliers.

3. Homoscedasticity: The error terms have constant variance across all levels of the
independent variable.

4. Independence: All sample observations are independent of one another.
5.E(€) =0&V(€E) =02
6.No multicollinearity and autocorrelation [25]

Now, let’s move toward an example to understand simple linear regression. Let us consider
the data having relation between advertisement and sales. To check the relation, we can refer
the scatter diagram (fig.no 1) Let us consider x = Advertisement and y = Sales.

Advertisement 1 2 3 4 5 6 7 8 9 10

h : 4 5 4 5 6 8 10 11 13
Sales
10
| °
8 y=0.5515x + 2.2667 _
| R® =@ 781"
: J E— -
% 5 . --------- .... .
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’ °
1
0
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Advertisement

Fig. 2. Relationship between advertising expenditures and sales

The scatter plot indicates a posititve, linear relationship between advertising expenditures(x)
and sales(y): as advertising increases, sales rise proportionally. By identifying the slope and
y — intercept, we can define the linear equation that best represents this data.

A residual is the difference between actual data point and predicted value by the regression
line. Residuals indicate underestimation(positive) when data are above the line,
overestimation(negative) when below and perfect predication (zero) when on the line [23].

A residual (e) measures the predication error in regression, calculated as the actual data
point(y) and the model’s prediction(y), expressed as e =y — ¥. It represents the portion of the
dependent variable not explained by the regression model. Every data point has single
residual.
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e residual = observed value - predicted value
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Fig. 3. Residual Plot

The corresponding regression line is Sales = 0.5515 * Adv + 2.2667 .Here slope is 0.5515,
indicating a positive relationship between x and y.

2.2 Logistic regression

Logistic regression is a regression method used to predict ordered categorical variables using
a set of mixed independent variables, with the other portion being discrete variables[4]. Many
studies in the human, social, and economic fields analyse discrete dependent variables that
take two or more distinct values [26]. The ordinary regression methods are limited because
they need the dependent variable to be continuous rather than categorical. Therefore, the
logistic regression technique is more suitable in these cases. Other statistical methods like
discriminant function analysis have been developed for analysis of descriptive data. Several
advantages of logistic regression make it more beneficial and effective in many situations
[22].

The two main reasons for using logistic regression:

e The dependent variable in linear regression, is continuous, where as it is a discrete
variable in logistic regression.

e Linear Regression, there are several assumptions to be satisfied, such as normality,
homoscedasticity ... etc. When these assumptions are not met, then the logistic regression
gives the best solution.[6]

2.2.1 Logistic regression method

Logistic regression is a statistical technique for modelling binary outcomes
assigning a value of 1 for success and 0 for failure. It models the relationship between a
categorical dependent variable and one or more independent predictor variables (x1, x2,...,
xn). The relation is defined as [24,30]:

1

PO

The above formula is termed as the logistic response function, so that [31]:
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B, a: Unconstrained model parameters to be evaluated, where $>0.
p(x): The response probability strictly bounded such that 1<p(x)<1.
(x): The explanatory variable, defined over the real time (—oo0 <x> ).
2.2.2 Subtypes of Logistic Regression

There are three major forms of logistic regression based on the nature of the dependent
variable [4]:

1. Binary Logistic Regression: A type of regression model that maps input variables
probability between 0 and 1, used specifically for dichotomous dependent variables.

2. Multinomial Logistic Regression: It focuses on nominal, categorical dependent variables
with more that two outcome categories.

3. Ordinal Logistic Regression: It is used when the dependent variable is ordered(ordinal),
meaning it has a rank, categorial structure with more than two levels.

Example: Students’ academic performance often depends on the time they devote to
studying. A small study investigates whether a person's hours of study predict whether they
pass (1) or fail (0) a test.

Student 1 2 3 4 5 6 7 8 9 10
Hours-— 1 3 |4 s 6 |7 |8 |o 10
studies

Passed 0 0 0 0 0 1 1 1 1 1

The logistic regression analysis examined whether hours studied significantly predicts
whether a student passes the exam. Results indicated that hours studied was a statistically
significant positive predictor of exam success.

Logistic Regression: Hours Studied vs. Passing Probability
1.0}

e
[

o
)
.

Probability of Passing
o
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=
N

0.0

2 4 6 8 10
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Fig. 4. Logistic Regression Curve
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2.3. Multiple linear regression

Multiple linear regression is a statistical technique that models a linear relationship between
a dependent variable and multiple predictor variables, broadening the simple linear model
beyond a single input [1,12,17].
It can be mathematically expressed by:

y=by+bx, +bx, +bx,+..bx, +¢ 3)

Where y =dependent variable

b, =y intercept
€=error variable
€ is a normally distributed random variable.
WithE(€) = 0 & V(€) = 0?2

In multiple linear regression, certain assumptions must be met to ensure the results are
trustworthy [21,27].

e No multicollinearity- The independent variables should not be too highly correlated,
because it weakens model estimates and reduces interpretability.

e Linearity between predictors and outcome-Each predictor should have a roughly linear
relationship with the outcome.

e Independence of residuals- Errors must be uncorrelated, ensuring that the prediction
error of one data point does not influence the other.

e Equal error variance- Spread of these errors should stay consistent across all predictor
values.

When all these conditions are met, the regression model becomes more accurate, reliable,
and useful for making predictions [3,29,33]. Now, let’s move towards an example to
understand multiple linear regressions. Let us consider the data having a relation between.
To check the relation, we can refer to the scatter diagram (fig. no 1). Let us consider
x=Advertisement and y = Sales.

Example: Find the regression line for the following set of data. Also, estimate the value of

x1=3 and x,=2

Y for
Y 3.7 35 2.5 11.5 5.7 19.5
X 3 4 5 6 2 7
X, 8 7 3 8

Therefore, the regression equation becomes
Y =2.796+2.28x, —1.67x,

We can find Y for given x;=3 and x,=2
Y=2.796+228%3-1.67*2=6.296

2.4. Polynomial Regression

Polynomial regression is a curved regression method that models complex, non — linear
data by extending linear techniques. It fits a curve rather than a straight line by adding higher
order polynomials [14,32].

Mathematically, it is defined as :
Yy = by + byx + byx? + byx3+.....bx" + ¢
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Polynomial regression has the advantage of capturing curves and bending patterns in data
that simple linear regression cannot, making it very useful when relationships are not straight
lines. They are relatively easy to apply, which makes it popular for many practical situations
[20,19]. However, one of its Min limitations is the risk of overlifting, especially if a very high
polynomial degree is used.

Example: Analyse the given data using a polynomial regression model [32].

X

2

4 |6

8

10

y

12

17 20

25

30

This data provides a second-degree polynomial regression using Python. The final quadratic
equationis ¥ = 8.6+ 1.7714x + 0.0357x>

Here coefficient is small positive indicates slight upward curve, increasing patten, and
quadratic polynomial accurately describes the relationship.

Y Values

Polynomial Regression Curve (Quadratic Fit)
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Fig. 5. Polynomial Regression Curve
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3. Comparative study of regression models & Application field

Linear . . Multiple Polynomial
. Logistic regression . .
regression regression regression
Outcome type Continuous Categorical Continuous Continuous
Relationship Linear Sigmoid Linear Curved
. 1 if
Predictors 1 1 or more 2 or more (or more i
extended)
. Good Handles many
Advant 1 . . . t
Vantages Simple, asy for classification predictors Captures curves
Limitations No curves Not for continuous MulF ilinearity Overfitting risk
Y issues
Sales Disease detection, Price prediction, Growth curves,
Applications forecasting, customer churn, performance engineering,
trend prediction | pass/fail prediction modelling economics
. . Engineerin, Engineerin Engineerin,
. Engineering, & 8 & & & &
Field Computer Science, Finance & Environmental
Healthcare . .
Healthcare Business science
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Here give bar chart by comparing all these regression models according to their usefulness.
The usefulness score, 1 to 5 are based on how commonly each method is used in real-world
data analysis[19,21,32,33].

e Linear regression- Score 4, because simple, powerful, widely used

e Logistic Regression-5, because very widely used for classification.

e  Multiple Linear regression- Score-5, because extremely common in research and

prediction models.
e Polynomial Regression-3, because it is useful but less commonly needed.

Usefulness Score (1-5)

0

Linear Logistic Multiple Pelynamial
Regression Technique

Fig. 6. Comparative Analysis of Regression Models

4. Conclusion

Regression model are played important role in engineering and science. It enables prediction,
analysis, and decision making. Regression analysis is a valuable statistical tool that helps to
identify and understand relationships between variables. This paper gives the importance of
selecting proper regression models depending on the type of data and problem. Linear
regression helps to understand basic linear relationships and is used for predicting continuous
numerical outcomes. Logistic regression is essential for categorical predictions. Multiple
linear regression allows deeper analysis through multiple predictors, while polynomial
regressions are suitable for modeling complex nonlinear relationships, and also it captures
curves and bending patterns in data that simple linear regression cannot. Through this paper,
the expanded version of all models with examples and comparison is presented more
comprehensively. This will help learners acquire a stronger foundational understanding of
regression techniques and their real-world applications.

References

1. A. Gupta, A. Sharma, “Review of Regression Analysis Models,” International Journal
of Engineering Research & Technology, 6(8) (2017).

2. K. Kumari and S. Yadav, “Linear Regression Analysis Study,” Journal of the Practice
of Cardiovascular Sciences (2018).

3. G. K. Uyanik and N. Guler, “A Study on Multiple Linear Regression Analysis,” in
Proceedings of the 4th International Conference on New Horizons in Education,
Procedia - Social and Behavioral Sciences, 106, 234-240 (2013).



EPJ Web of Conferences 376, 06001 (2026) https://doi.org/10.1051/epjconf/202637606001
ICRAMEN 2026

4. A. A.T. Fernandes, D. B. Figueiredo Filho, E. C. da Rocha, and W. da S. Nascimento,
“Read This Paper if You Want to Learn Logistic Regression,” Revista de Sociologia e
Politica, 28(74) (2020).

5. M. Sial, “A Brief Introduction to Regression Analysis and Its Types,” Asian Journal of
Probability and Statistics, 13(4), 58—63 (2021).

6. D. W. Hosmer, S. Lemeshow, and R. X. Sturdivant, Applied Logistic Regression, 3rd
ed. (Wiley, Hoboken, NJ, 2013).

7. 1. Fox, Applied Regression Analysis and Generalized Linear Models (Sage Publications,
Thousand Oaks, CA, 2015).

8. M. Panik, Regression Modelling: Methods, Theory, and Computation with SAS
(Chapman & Hall/CRC, Boca Raton, FL, 2009).

9. B. Lawal and F. Famoye, Applied Statistics: Regression and Analysis of Variance
(Chapman & Hall/CRC, Boca Raton, FL, 2013).

10. S. Chatterjee and A. S. Hadi, Regression Analysis by Example (John Wiley & Sons,
Hoboken, NJ, 2015).

11. A. O. Sykes, “An Introduction to Regression Analysis” (1993).

12. Y. Ruan, “Exploring Multiple Regression Models: Key Concepts and Applications,”
Science and Technology of Engineering, Chemistry and Environmental Protection, 1(7)
(2024).

13. R.R.Hocking, Methods and Applications of Linear Models: Regression and the Analysis
of Variance (John Wiley & Sons, New York, NY, 2003).

14. N. M. Latha, K. Geetha, and S. Damodharan, “Overview of Regression Models and How
to Determine the Best Model for Data,” Journal of Scientific Research and Reports
(2024).

15. F. Masi, “Introduction to Regression Methods,
(2024).

16. J. Kalita, D. K. Bhattacharyya, and S. Roy, “Regression,” in Machine Learning
Applications, pp. 69-89 (Elsevier, Amsterdam, 2024).

17. L. S. Aiken, S. G. West, S. C. Pitts, A. N. Baraldi, and I. C. Wurpts, “Multiple Linear
Regression,” pp. 481-507 (2012).

18. D. Maulud and A. M. Abdulazeez, “A Review on Linear Regression Comprehensive
Machine Learning,” 1(4), 140-147 (2020).

19. R.F. Gunst and R. L. Mason, Regression Analysis and Its Application: A Data-Oriented
Approach (Marcel Dekker, New York, NY, 1980).

20. T.Duan, W.-F. Niu, and D. Y. Zang, “Applications of Three Distinct Regression Models
in GDP Prediction,” Theoretical and Natural Science, 39(1), 86—95 (2024).

21. Y. Sun and X. Wang, “Multiple Regression: Methodology and Applications,” Highlights
in Science, Engineering and Technology, 49, 542548 (2023).

22. S. Mishra and A. Datta-Gupta, “Regression Modeling and Analysis,” pp. 69-96 (2018).

23. Linear Regression, pp. 137-172 (Cambridge University Press, Cambridge, UK, 2023).

24. N. Sarlija, A. Bilandzi¢, and M. Stani¢, “Logistic Regression Modelling: Procedures and
Pitfalls in Developing and Interpreting Prediction Models,” Croatian Operational
Research Review, 8(2), 631-652 (2017).

25. M. R. Putri, I. G. P. S. Wijaya, F. P. A. Praja, A. Hadi, and F. Hamami, “The Comparison
Study of Regression Models (Multiple Linear Regression, Ridge, Lasso, Random Forest,
and Polynomial Regression) for House Price Prediction in West Nusa Tenggara,” pp. 1—
6 (2023).

26. F. Acito, “Logistic Regression,” pp. 125-167 (2023).

27. J. Martin, A. M. Jiménez, M. J. Navas, M. A. Fernandez-Recamales, and A. G. Asuero,
“Multiple Linear Regression: An Overview with Analytical and Physico-Chemical
Applications,” 4, 32—60.

tR)

in Regression Methods, pp. 31-92

10



EPJ Web of Conferences 376, 06001 (2026) https://doi.org/10.1051/epjconf/202637606001
ICRAMEN 2026

28. Y.H.Hu, S.C. Yu, X. Qi, W.J. Zheng, Q. Q.,and H. Y. Yao, “An Overview of Multiple
Linear Regression Model and Its Application” (2019).

29. D. E. Matthews, “Multiple Linear Regression” (2014).

30. Q. Dong, X. Chen, and B. Huang, “Logistic Regression,” pp. 141-152 (Elsevier,
Amsterdam, 2024).

31. A. DeMaris, “Logistic Regression: Basic Foundations and New Directions” (2012).

32. R.Jain, S. S. G. Bandari, and N. S. M. Vuppala, “Polynomial Regression Techniques in
Insurance Claims Forecasting,” International Journal of Computational and
Experimental Science and Engineering, 11(3) (2025).

33. G. James, D. Witten, T. Hastie, and R. Tibshirani, 4An Introduction to Statistical
Learning: With Applications in R, 2nd ed. New York, NY, USA: Springer, 2021.

34. T. Hastie, R. Tibshirani, and J. Friedman, The Elements of Statistical Learning: Data
Mining, Inference, and Prediction, 2nd ed. New York, NY, USA: Springer, 2009.

35. Galton, F. (1886). Regression towards mediocrity in hereditary stature. The Journal of
the Anthropological Institute of Great Britain and Ireland, 15, 246-263.

36. Kutner, M. H. (2005). Applied linear statistical models
http://thuvienso.thanglong.edu.vn//handle/TLU/12233.

37. D.R. Cox, The Regression Analysis of Binary Sequences, Journal of the Royal
Statistical Society: Series B (Methodological), Volume 20, Issue 2, July 1958, Pages
215-232, https://doi.org/10.1111/].2517-6161.1958.tb00292 x.

38. Draper, N. R. (1998). Applied regression analysis. McGraw-Hill. Inc.

39. Zhang, H., & Lin, D. (2018). Variable selection in regression models for complex
datasets. Statistical Methods in Medical Research, 27(6), 1785—-1802.

11



