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Abstract: Predictive modeling is one of the most important uses of mathematics and statistics in data science
research. Among the several methods available, regression based mathematical models are still in use with
advantages of interpretability, efficiency and adaptability to a range of data sets. A comparative analysis of the
various publicly available data sets will be provided for predictive analysis of different regression-based
mathematical models, and the results will be presented in this paper. The major goal is to determine the efficacy
of these models in terms of their ability to predict with respect to various distributions and levels of noise in the
data set. A few publicly available data sets for other areas such as economics, medicine, and environmental
sciences have been used. The data used has been pre-treated for the typical pre-processing methods such as
normalization, missing value imputation and feature selection to make the results more reliable. Evaluation of
each regression model involves evaluation metrics like Mean Absolute Error (MAE), Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), and coefficient of determination (R? Score). The results obtained seem to
indicate that linear regression performs well for data which has a linear variation, and polynomial regression
performs better for more complex data that needs some flexibility. Overall, the regularized regression methods
make better predictions. The results from this analysis demonstrate the significance of adopting the right
regression approach depending on the features of the data sets. This comparative assessment will help improve
decision making when choosing regression models to make accurate predictions, which can be achieved using
mathematics.

Keywords: Regression Models, Predictive Analysis, Machine Learning, Regularization Techniques,
Mathematical Modeling.

depending on different factors, including data
distribution, noise, and others. Thus, comparative study
of different regression techniques is needed.

. Introduction

A wide range of applications require mathematical
models for studying patterns, dependencies, and trends
within complex sets of data. Regression algorithms are
often used in predictive data analysis because they
allow establishing connections between dependent and
independent variables. In turn, this allows predicting
future values based on existing data, which makes
regression algorithms useful in economics, health care,
engineering, environmental sciences, and other

spheres. The primary aim of this research is to recognize the
strengths and weaknesses of each type of regression
models and based on that to make recommendations on
which regression modeling methods to use depending
on the problem type. With this research contribution,
the use of mathematical regression models will become
more effective.

This paper considers the comparative analysis of four
popular  regression-based mathematical models.
Specifically, they include linear regression, polynomial
regression, ridge regression, and lasso regression.
Every of these models is compared according to certain
criteria, including prediction accuracy, robustness, and
generalization ability.

The emergence of many publicly available sets of data
makes it possible to compare the performance of
different types of regression algorithms in practical
settings. At the same time, there may be significant
differences in the performance of such models
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1. Literature Review

Mathematical models based on regression algorithms
have been actively investigated within statistical and
machine learning frameworks because of their
explanatory power and solid theoretical background.
Classic Linear Regression is still one of the primary
techniques for exploring connections between
dependent and independent variables through the Least
Squares method [4]. Linear regression offers a
straightforward and  computationally  affordable
algorithm for predicting outcomes, although it is
ineffective in cases where variable interactions are
nonlinear or extremely complicated [1].

Polynomial Regression, an enhancement of classic
linear regression, introduces higher-degree
polynomials of input variables. This strategy helps
capture the nonlinearity of relationships between
variables and is utilized in practical applications such
as financial forecasting or environmental monitoring
[1]. It should be noted that a significant drawback of
polynomial regression is the potential risk of
overfitting, especially in the presence of noise [2].

To counterbalance challenges like overfitting and
multicollinearity, regularization algorithms are used.
One of these strategies is ridge regression, which uses
L2 regularization, and minimizes the sum of squared
residuals while penalizing high coefficient values,
resulting in a stable model [7].

Also, Lasso Regression comes up with the L1
regularization, which not only manages the complexity
of the model but also selects the features automatically
through making some coefficients equal to zero.
Therefore, Lasso Regression works great when dealing
with high-dimensional data and feature reduction is
needed [17].

The latest research in machine learning has revealed
that there isn’t any universal regression model which
performs well in all situations since each dataset has its
unique characteristics including the presence of noise,
number of dimensions, etc. [13], [19]. Moreover, the
researchers conducted comparative analyses and
proved that regularized regression models work better
in terms of the ability to generalize compared to the
Linear Regression model [16], [20].

Though there has been numerous research dedicated to
individual regression models, there hasn’t been
anything done about evaluating several models
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simultaneously according to one framework and under
the same conditions. This study aims at addressing the
mentioned gap.

I11.Methodology

For the analysis of the models, a quantitative
experimental approach is used where performance
evaluation for four mathematical models, such as linear
regression, polynomial regression, ridge regression,
and lasso regression, will be carried out. The models
are developed using different public domain datasets.
The research design includes data pre-processing,
development of models, learning algorithms, and
performance evaluation.

3.1 Linear Regression Model

Linear Regression models the relationship between
dependent variable yand independent variables x;using
a linear function:

v="p +Zﬁsxf+f
i=1
(1)
Where:

e fyis the intercept

o [;are the coefficients
e x;are input features

e ¢isthe error term

The optimal parameters are estimated using the
Ordinary Least Squares (OLS) method by minimizing
the cost function:

1) = ) (y— 5
i=1
)
3.2 Polynomial Regression Model

Polynomial Regression extends Linear Regression by
introducing nonlinear transformations of input
variables:

_h'ﬂzﬁg +ﬁlx+ﬁzx2+ "'+ﬁdxd+f

@)

This can be interpreted as Linear Regression applied
on transformed feature space. The model captures
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nonlinear relationships but increases the risk of
overfitting as degree dincreases.

3.3 Ridge Regression Model (L2 Regularization)

Ridge Regression improves generalization by adding
L2 regularization to the cost function:

1) = Z(_&-’,— - ¥)? MZﬁf
i=1 j=1
4
Where:

e Jis the regularization parameter controlling
penalty strength

This method reduces coefficient magnitude and
handles multicollinearity effectively.

3.4 Lasso Regression Model (L1 Regularization)

Lasso Regression introduces L1 regularization, which
performs feature selection by forcing some coefficients
to zero:

m

1) = ) (=5 “i 15
=1

i=1

)
This property makes Lasso particularly useful in high-
dimensional datasets where feature reduction is
required.

3.5 Model Training Procedure

All models are trained using standardized datasets after
preprocessing steps including:
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e Handling missing values

e Feature scaling
standardization)

(normalization or

o Splitting dataset into training (80%) and
testing (20%) sets

Gradient-based optimization or closed-form solutions
(where applicable) are used to estimate model
parameters.

3.6 Evaluation Metrics

Model performance is evaluated using the following
metrics:

e Root Mean Squared Error (RMSE):

RMSE = MSE
(6)
o  Coefficient of Determination (R2 Score):
F. — ’_;'_ 2
RZ— 1 X .h_a)
=)
()

V. Dataset Description and
Experimental Setup

This study utilizes multiple publicly available datasets
to ensure a comprehensive and unbiased evaluation of
regression-based mathematical models. The selected
datasets represent different domains, including
economics, healthcare, and environmental analysis,
allowing the models to be tested under varying data
distributions and complexity levels.

Table 1. Dataset Description for different domains

Data set Name Key Features Target Typical Use Data
Variable Case Characteristics

A Housing Price Area, number of House price Regression Mixed linear
Dataset rooms, location analysis in real and nonlinear
features estate prediction relationships

B Medical Cost | Age, BMI, smoking Insurance Healthcare cost Real-world
Dataset status, number of charges prediction and medical and
children, region risk modeling demographic

variability
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C Energy Building design
Efficiency parameters (wall
Dataset area, glazing area,

orientation, etc.)

Energy Energy Strong
consumption | prediction and multivariate
(heating/cooli building nonlinear

ng load) efficiency relationships

analysis

Each dataset is selected to represent different levels of
complexity, feature interactions, and noise patterns,
which helps in assessing the robustness of regression
models.

4.1 Data Preprocessing

Before applying regression models, the datasets

undergo several preprocessing steps:

e Handling Missing Values: Missing or incomplete
data entries are either removed or imputed using
mean or median values.

o Feature Encoding: Categorical variables are
converted into numerical format using encoding
techniques.

o Feature Scaling: Standardization is applied using
z-score normalization to ensure all features
contribute equally:

x—u
x'=

aF

()
e Train-Test Split: Each dataset is divided into:
o 80% Training Data
o 20% Testing Data
This ensures fair evaluation and prevents overfitting.
4.2 Experimental Setup

The experiments are carried out under a controlled
computational setting to ensure reproducibility and
consistency of the results. The code is implemented
utilizing the Python programming language as well as
other popular scientific computing packages like
NumPy, Pandas, Scikit-learn, and Matplotlib. All
experiments are performed using a regular CPU-based
machine with enough memory for efficient execution
and processing. All tests are executed using the same
hardware configuration to make sure that all results
obtained during the investigation can be consistently
reproduced later.
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For each regression type considered in this study
(Linear, Polynomial, Ridge, and Lasso), training
parameters are kept constant throughout all the
experiments. Different A values for both Ridge and
Lasso Regression algorithms are analyzed. In addition,
the Polynomial Regression is tested using several
degrees for the corresponding polynomial function.

4.3 Evaluation Strategy

To ensure that a fair and impartial comparison is
carried out, all the models will be assessed using
similar test datasets and evaluation measures such as
the mean absolute error (MAE), mean squared error
(MSE), root mean squared error (RMSE), and R2
scores. Cross-dataset testing is carried out to find out
the ability of each model to perform given various
distributions of data points, correlation among features,
and degrees of difficulty. The key focus of experiments
conducted is the accuracy of models, their
generalization capability, noise and multicollinearity
sensitivity, and the bias-variance tradeoff.

V. Results and Discussions

In this part, we analyze the comparative analysis of
linear regression, polynomial regression, ridge
regression, and lasso regression. This will be done by
considering various publicly accessible data sets. The
criteria for comparison will include MAE, MSE,
RMSE, and R2 score.
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Polynomial Regression
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Table 2. Model Performance on Dataset A (Housing Price Dataset)

Model MAE MSE | RMSE | R?Score
Linear Regression 3.85 2412 491 0.78
Polynomial 2.95 18.47 4.30 0.85
Regression
Ridge Regression 3.40 20.10 4.48 0.83
Lasso Regression 3.55 21.05 4.59 0.82

achieves the highest accuracy

due to its ability to capture nonlinear relationships in

Polynomial

ISSN: 2395-3519

housing price data. However, Ridge Regression shows
more stable performance compared to Polynomial

Regression,

indicating

better
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Figure 1. Performance Evaluation of Dataset A (Housing Price Dataset)

Table 3. Model Performance on Dataset B (Medical Cost Dataset)

Model MAE MSE | RMSE | R2Score
Linear Regression 4200 3.1e7 5567 0.74
Polynomial 3800 2.6e7 5099 0.81
Regression
Ridge Regression 3950 2.8e7 5291 0.79
Lasso Regression 4100 3.0e7 5477 0.76

Regression again performs best in

capturing nonlinear medical cost variations. However,

generalization.

Ridge Regression demonstrates better stability than

Lasso,

suggesting that L2 regularization handles

correlated features more effectively in this dataset.
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Figure 2. Performance Evaluation of Dataset B (Medical Cost Dataset)
Table 4. Model Performance on Dataset C (Energy Efficiency Dataset)
Model MAE | MSE | RMSE | R? Score
Linear Regression 185 | 6.12 2.47 0.88
Polynomial 140 | 4.30 | 2.07 0.92
Regression
Ridge Regression 155 | 4.85 2.20 0.90
Lasso Regression 170 | 540 | 2.32 0.89
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Figure 3. Performance Evaluation of Dataset C (Energy Efficiency Dataset)
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All models perform relatively well on this dataset, but
Polynomial Regression again achieves the highest R2
score. However, the difference between models is
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smaller, indicating that the dataset has a more stable
and structured relationship.
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Figure 4. R* Score Comparison Across Datasets

The aggregated performance across datasets reveals
consistent trends:

e Polynomial Regression provides the highest
predictive accuracy in most cases due to its
flexibility in modeling nonlinear relationships.
However, it is sensitive to overfitting,
especially with higher polynomial degrees.

e Linear Regression performs adequately on
simpler datasets but fails to capture complex
nonlinear patterns.

o Ridge Regression shows strong generalization
ability by reducing coefficient magnitude and
handling multicollinearity  effectively. It
provides balanced performance across all
datasets.

o Lasso Regression performs feature selection by
eliminating less important variables, but its
predictive accuracy is slightly lower than
Ridge Regression in most cases.

Based on the experiment, one can notice that
regularized models like Ridge and Lasso Regression
always produce better predictions than a standard
linear regression model when dealing with more
complex data. Among all tested models, the most

accurate one is Polynomial Regression; nevertheless, it
does not demonstrate stability in noisy data sets, which
significantly decreases its applicability for real-life
problems characterized by an increased level of
uncertainty. On the other hand, Ridge Regression
provides the most balanced approach since it shows the
best compromise between model accuracy and
stability. In conclusion, the experiment conducted
proves that the performance of each algorithm depends
on several factors associated with the analyzed data set.

VI1.Conclusions and Future Work

The current paper contains a comparative analysis of
the following regression-based mathematical models:
Linear Regression, Polynomial Regression, Ridge
Regression, and Lasso Regression. The analysis has
been conducted via using multiple public data sets
from different industries to determine the predictive
capacity and stability of each model.

The experimental results show that Polynomial
Regression demonstrates the highest accuracy of
predicting the target variable, especially for data sets
that contain nonlinear relations between independent
and dependent variables. Nevertheless, Polynomial
Regression is vulnerable to overfitting that becomes
more serious with increased complexity of
transformations. Linear Regression is one of the
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simplest models; therefore, it is easy to interpret and
implement. On the other hand, it is rather difficult to
use this algorithm to capture any complex relation
within a data set.

Ridge Regression demonstrates the best stability
among all regularized algorithms because this approach
reduces collinearity and variance. However, Lasso
Regression, although somewhat worse in terms of
accuracy, allows identifying irrelevant features and
eliminating them from the sample.

Future work could build on this research in many
ways:

e Combining the use of more sophisticated
machine learning algorithms like Support
Vector Regression, Random Forest Regression,
and neural networks for comparative purposes.

e Merging of regression models that include both
linear models and nonlinear learning methods.

e Use of feature extraction and dimensionality
reduction methods like PCA.

e Conducting the analysis using larger-scale real-
time data sets.

e The use of regression models based on deep
learning for very complex nonlinear systems.

Such advancements will contribute to a deeper
knowledge of predictive models and better decision-
making.
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