
06001

Exploring Regression Models: Applications and 
Purposes of Linear, Logistic, and Polynomial 
Approaches in Engineering and Technologies 

Anjali Nair*, Priti C. Shende 

Department of Mathematics, Dr. D. Y. Patil Institute of Technology, Pimpri, Pune-18, 
Maharashtra, India. 

 

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]. 
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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 + c) 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 

𝑦𝑦 = 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥+∈ 
Where,  𝑦𝑦 =dependent variable 

𝛽𝛽0 =y intercept 
𝛽𝛽1 =Slope of the line 
∈=error variable  
∈ is a normally distributed random variable. 
With𝐸𝐸(∈) = 0 & 𝑉𝑉(∈) = 𝜎𝜎2 

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.𝐸𝐸(∈) = 0 & 𝑉𝑉(∈) = 𝜎𝜎2 

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 
Sales 2 4 5 4 5 6 8 10 11 13 

 

 
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(ŷ), expressed as e = y – ŷ. It represents the portion of the 
dependent variable not explained by the regression model. Every data point has single 
residual. 
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• residual = observed value - predicted value 

 

Fig. 3. Residual Plot 

The corresponding regression line is 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 0.5515 ∗ 𝐴𝐴𝐴𝐴𝐴𝐴 + 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: 

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

• 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]:         

𝒑𝒑(𝒙𝒙) = xe −−+1
1

 

The above formula is termed as the logistic response function, so that [31]: 
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𝛃𝛃, α: Unconstrained model parameters to be evaluated, where 𝜷𝜷>0. 

p(𝒙𝒙): The response probability strictly bounded such that 1<p(x)<1.  

(𝒙𝒙): The explanatory variable, defined over the real time  (−∞ <𝒙𝒙> ∞). 

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-
studies 1 2 3 4 5 6 7 8 9 10 

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. 

 
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: 
                                          +++++= nn xbxbxbxbby .....3322110                            (3) 

Where 𝑦𝑦 =dependent variable 
𝑏𝑏0 =y intercept 

∈=error variable  
∈ is a normally distributed random variable. 
With𝐸𝐸(∈) = 0 & 𝑉𝑉(∈) = 𝜎𝜎2 

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

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

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

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

• 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 

Y for    x1=3 and x2=2 

Y 3.7 3.5 2.5 11.5 5.7 19.5 
X1 3 4 5 6 2 7 
X2 8 5 7 3 6 8 

 
Therefore, the regression equation becomes 

21 67.128.2796.2 xxY −+=  
We can find Y for given x1=3 and x2=2 

296.62*67.13*28.2796.2 =−+=Y  

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 = 𝑏𝑏0 + 𝑏𝑏1𝑥𝑥 + 𝑏𝑏2𝑥𝑥2 + 𝑏𝑏3𝑥𝑥3+. . . . . 𝑏𝑏𝑛𝑛𝑥𝑥𝑛𝑛 + 𝜀𝜀 
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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 
equation is    𝑦𝑦 = 8.6 + 1.7714𝑥𝑥 + 0.0357𝑥𝑥2    
    Here coefficient is small positive indicates slight upward curve, increasing patten, and 
quadratic polynomial accurately describes the relationship. 
 

 
Fig. 5. Polynomial Regression Curve 

3. Comparative study of regression models & Application field 
 

 Linear 
regression Logistic regression Multiple 

regression 
Polynomial 
regression 

Outcome type Continuous Categorical Continuous Continuous 
Relationship Linear Sigmoid Linear Curved 

Predictors 1 1 or more 2 or more 1(or more if 
extended) 

Advantages Simple, easy Good 
for classification 

Handles many 
predictors Captures curves 

Limitations No curves Not for continuous 
Y 

Multilinearity 
issues Overfitting risk 

Applications 
Sales 

forecasting, 
trend prediction 

Disease detection, 
customer churn, 

pass/fail prediction 

Price prediction, 
performance 
modelling 

Growth curves, 
engineering, 
economics 

Field Engineering, 
Healthcare 

Engineering, 
Computer Science, 

Healthcare 

Engineering, 
Finance & 
Business 

Engineering, 
Environmental 

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]. 
• Linear regression- Score 4, because simple, powerful, widely used 
• Logistic Regression-5, because very widely used for classification. 
• Multiple Linear regression- Score-5, because extremely common in research and 

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

 

 
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. 
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