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Abstract

Regression analysis is a core analytical tool widely employed across diverse domains for predicting continuous outcomes,
serving as a cornerstone of statistical inference and machine learning applications ranging from economic trend forecasting to
healthcare risk assessment and real estate valuation. Choosing an effective regression technique is critical for accurate
predictions, yet a daunting challenge for non-experts due to the wide variety of methods, each with distinct assumptions, tuning
requirements and applicability boundaries. To address this dilemma, this study conducts a rigorous empirical comparison of five
popular regression techniques—Ordinary Least Squares (OLS), Ridge regression, Lasso regression, Elastic Net, and Polynomial
regression—applied to house price prediction using two benchmark datasets: the classic Boston Housing dataset and the
comprehensive California Housing dataset. A multi-dimensional evaluation framework was adopted, including quantitative
metrics (Mean Squared Error (MSE) and coefficient of determination (R?) and qualitative diagnostics (residual analysis and
Quantile-Quantile (QQ) plots) to assess prediction accuracy and error distribution. Results indicate that Polynomial regression
consistently achieves superior performance across both datasets, highlighting its effectiveness in capturing the complex
nonlinear relationships inherent in housing data. Ridge, Lasso, and Elastic Net provide comparable but lower performance, with
strengths in mitigating multicollinearity rather than enhancing nonlinear fitting. OLS yields acceptable baseline results but less
robust performance when confronted with real-world nonlinearities. These findings offer clear practical guidance for non-experts
seeking reliable “out-of-the-box” regression techniques, and contribute valuable insights to assist practitioners in model selection
for real-world predictive tasks without extensive tuning.
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1. Introduction

Regression analysis is a fundamental and widely used  variables to make predictions, infer causal effects, or identify
technique in statistics and machine learning, essential for  underlying patterns [1, 2]. Its versatility has led to extensive
modeling relationships between dependent and independent  applications across diverse fields such as economics, finance,
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healthcare, environmental science, engineering, social sci-
ences, and real estate [3-5].

In economics and finance, regression models help forecast
market trends, asset prices, and economic indicators. For
example, financial analysts use regression techniques to pre-
dict stock prices or assess risk factors impacting investment
portfolios [6]. In healthcare, regression aids in understanding
the influence of patient characteristics on health outcomes,
such as disease progression or treatment efficiency [7]. En-
vironmental scientists apply regression to analyze pollution
effects on climate change or biodiversity [8]. Similarly, in
engineering, regression models support quality control and
reliability analysis by predicting failure rates or system per-
formance [9].

The classical approach to regression is Ordinary Least
Squares (OLS) linear regression, which estimates the rela-
tionship assuming linearity between inputs and outputs'.
However, real-world data often violate these assumptions
due to multicollinearity, nonlinear relationships, noise, outli-
ers, or high-dimensionality [10]. To address these issues,
researchers have developed more advanced methods such as
Ridge regression (which adds an L2 penalty to reduce coef-
ficient variance and combat multicollinearity) [10], Lasso
regression that includes an L1 penalty promoting sparsity
and feature selection [11], and Elastic Net, a hybrid combin-
ing L1 and L2 penalties to balance shrinkage and sparsity
while handling correlated predictors effectively [12].

Moreover, to capture nonlinear dependencies in data while
maintaining interpretability, Polynomial regression expands
the input space using polynomial basis functions [1, 2]. This
method retains linearity with respect to model parameters but
allows modeling of nonlinear patterns inherent in complex
datasets.

Despite the availability of these powerful tools, practition-
ers often face challenges when choosing the most appropriate
regression technique for their specific problem. This chal-
lenge is compounded for non-expert users who may lack
deep statistical or computational expertise. Such users fre-
quently rely on simple linear models due to their interpreta-
bility and ease of use but may suffer from suboptimal predic-
tive performance if nonlinearities or feature interactions are
present [13, 14].

Relatively few studies have explicitly addressed the prac-
tical usability of regression methods for non-specialists.
Most research focuses on developing new algorithms or im-
proving benchmarks rather than providing clear guidance on
method selection for typical users [15]. Existing comparative
studies often evaluate methods on synthetic datasets or nar-
rowly defined problems, limiting their generalizability to
diverse real-world scenarios [16].

Some empirical comparisons have been conducted using
benchmark datasets like housing price prediction, a canonical
task involving heterogeneous features with nonlinear interac-
tions. These studies generally report metrics such as Mean
Squared Error (MSE) or R-squared but often lack in-depth

residual diagnostics or visualization analyses that could re-
veal nuanced model behaviors [17, 18]. The housing price
context has been widely studied in spatial statistics and real
estate finance as well [19, 20].

Visualization tools like Quantile-Quantile (QQ) plots are
valuable yet underutilized in assessing how well residuals
conform to assumptions such as normality—a critical aspect
for validating model inference reliability [2].

Automated machine learning (AutoML) frameworks have
emerged to assist non-experts by automating model selection
and tuning processes [21]. While promising, AutoML sys-
tems tend to be computationally intensive and sometimes
opaque regarding rationale behind chosen models, potential-
ly reducing user trust and interpretability.

In practice, simpler models such as OLS are favored for
their transparency but may fail to capture important data
complexities. Conversely, methods like polynomial regres-
sion or regularized models can improve accuracy but require
some parameter tuning and understanding of their mecha-
nisms [13]. Advanced machine learning methods such as
random forests and gradient boosting have been proposed for
similar tasks but often at the cost of interpretability [4, 5].

This gap highlights the need for comprehensive empirical
evaluations comparing popular regression techniques on
representative real-world datasets using both quantitative
metrics and visual diagnostic methods. Such analyses can
empower non-expert users to make informed decisions about
selecting effective “out-of-the-box™ regression solutions for
common tasks like house price prediction.

Our study contributes to addressing this need by system-
atically comparing five widely used regression meth-
0ds—OLS, Ridge, Lasso, Elastic Net, and Polynomial re-
gression—on two benchmark housing datasets [19, 20]. By
combining performance metrics with residual and QQ plot
analyses, we provide practical recommendations that facili-
tate reliable model choice without requiring extensive exper-
tise or complex tuning.

2. Methods

To conduct this study, we designed a systematic approach
that begins with a comprehensive review of several widely
used regression techniques. This review provides a founda-
tion for understanding the principles and differences among
these methods. Following this, we introduce a visualization
tool known as the Quantile-Quantile (QQ) plot, which plays
a crucial role in evaluating the distributional properties of
regression residuals and assessing model fit beyond standard
numerical metrics.

Our methodology then involves applying each selected re-
gression technique to carefully chosen representative datasets
related to house price prediction. These datasets serve as
practical test cases to examine how each method performs in
real-world scenarios. Through rigorous experimentation, we
analyze the predictive accuracy and residual behavior of each
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model.

Finally, we synthesize the quantitative results and visual
analyses to draw meaningful conclusions about the strengths
and limitations of each regression approach. This structured
process aims to provide clear, actionable insights for users
seeking effective “out-of-the-box” regression solutions. The
following sections detail the regression techniques under
study, the visualization methods employed, the datasets used,
and the experimental procedures followed.

2.1. Review of Regression Techniques

Regression analysis is a classical and essential topic in sta-
tistics and machine learning, with a wide variety of tech-
niques available to address different data characteristics and
modeling needs. For practitioners, especially those new to
the field, selecting an appropriate regression method can be
challenging given the extensive range of options. To provide
focused guidance, this study concentrates on five widely
used regression techniques: Ordinary Least Squares (OLS),
Ridge regression, Lasso regression, Elastic Net, and Poly-
nomial regression. We briefly review their key principles
before applying them to representative datasets for perfor-
mance evaluation.

2.1.1. Ordinary Least Squares

Ordinary Least Squares (OLS) is a foundational technique
in linear regression, serving as a baseline method for model-
ing the relationship between a set of independent variables
and a continuous target variable. OLS estimates the regres-
sion coefficients by minimizing the residual sum of squares
(RSS) between the observed target values y and the pre-
dicted values ¥ = Xw, where X denotes the feature matrix
and w represents the coefficient vector. Formally, the opti-
mization problem is defined as:

min,, | Xw —y I3 1)

Under the classical assumptions of linear regres-
sion—Ilinearity, independence, homoscedasticity, and nor-
mally distributed errors—OLS provides the Best Linear Un-
biased Estimators (BLUE). This method is particularly effec-
tive when multicollinearity is not present and when the
number of observations exceeds the number of features.

2.1.2. Ridge Regression

Ridge regression, also known as Tikhonov regularization,
extends the OLS framework by incorporating a regulariza-
tion term that penalizes large coefficients. This is particularly
advantageous in scenarios involving multicollinearity or
when the feature space is high-dimensional. The ridge re-
gression objective function is given by:

min,, | Xw —y 12+ a |l w12 )

Here, @ > 0 is a regularization hyperparameter that con-
trols the degree of shrinkage applied to the coefficients. As
a increases, the model becomes more conservative, yielding
smaller coefficient magnitudes and enhancing generalization
at the potential cost of increased bias. Ridge regression re-
tains all features but shrinks their coefficients, thereby miti-
gating the effects of multicollinearity and reducing model
variance.

2.1.3. Lasso Regression

The Least Absolute Shrinkage and Selection Operator
(Lasso) regression modifies the OLS objective by introduc-
ing an #;-norm penalty on the regression coefficients, pro-
moting sparsity in the solution. This property makes Lasso
particularly suitable for feature selection in high-dimensional
datasets. The objective function is expressed as:

1

min,, I Xw—yl3+alwl, (3)

samples

where || w Il; denotes the #;-norm of the coefficient vector
and « is a tuning parameter controlling the strength of the
regularization. The Lasso tends to produce models that in-
volve only a subset of the input features, as it can drive some
coefficients exactly to zero. This sparsity-inducing behavior
has led to its widespread use in the context of compressed
sensing and high-dimensional statistical modeling. In prac-
tice, coordinate descent is a commonly employed algorithm
for solving the Lasso optimization problem.

2.1.4. Elastic-Net

Elastic Net regression combines the penalties of both
Lasso (£;-norm) and Ridge (€,-norm) regularizations, offer-
ing a compromise between sparsity and coefficient shrinkage.
The model is particularly useful when dealing with groups of
correlated variables, where Lasso may arbitrarily select one
feature from the group, while Elastic Net tends to retain mul-
tiple correlated predictors. The objective function for Elastic
Net is defined as:

. 1 1-
min, —— Il Xw —y 13+ ap I w I+ <=2 1w I3 (4)

samples

Here, a governs the overall strength of the regularization,
and p € [0,1] controls the balance between the ¢, and #,
penalties. When p = 1, the model reduces to Lasso; when
p = 0, it simplifies to Ridge regression. Elastic Net thus in-
herits the variable selection capability of Lasso and the sta-
bility properties of Ridge, making it a robust choice in a wide
range of regression settings, particularly when predictors
exhibit high collinearity.

2.1.5. Polynomial Regression: Extending Linear
Models with Basis Functions

Polynomial regression extends the classical linear regres-
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sion framework by incorporating nonlinear transformations
of the original input features through the use of polynomial
basis functions. Despite the nonlinear relationship introduced
between the transformed features and the original inputs, the
model retains its linearity with respect to the coefficients,
thereby allowing the use of standard linear regression tech-
niques for estimation.

In the canonical form of linear regression for a
two-dimensional feature vector x = [x;, x,], the model is
expressed as:

y\(W, x) = WO + Wlxl + szz (5)

To enable the model to capture quadratic interactions and
nonlinear trends, the input space can be expanded using se-
cond-degree polynomial basis functions. The resulting model
takes the form:

YW, x) = Wy + WXy + Woxy, + WX Xy + wax? + wex2(6)

This formulation can be interpreted as a linear regression
model applied to an augmented feature space defined by:

z= [xl'x2lx1x21x12'x22] (7)
Accordingly, the model can be rewritten as:
YW, z) = wy + wyzy + Wozy + Wazz + wyz, + wezg  (8)

This illustrates that polynomial regression remains a
member of the linear model family, as it is linear with re-
spect to the coefficient vector w. The transformation of the
input data through polynomial basis functions allows for
greater model flexibility, enabling the capture of nonlinear
dependencies in the data while preserving the interpretability
and computational advantages of linear regression.

Polynomial regression is particularly useful when prior
knowledge or exploratory analysis suggests the presence of
nonlinear patterns, yet a fully nonlinear model may not be
justified or desirable. The degree of the polynomial can be
adjusted to balance model complexity and generalization,
and regularization methods such as Ridge, Lasso, or Elastic
Net can be incorporated to mitigate overfitting in
high-degree expansions.

2.1.6. Visualization Techniques: Quantile-Quantile
(QQ) Plot

The Quantile-Quantile (QQ) plot is a diagnostic graphical
technique employed to evaluate the degree of correspond-
ence between the empirical distribution of a dataset and a
specified theoretical distribution, most commonly the normal
distribution. It is a widely used method for assessing distri-
butional assumptions in statistical modeling and inference.

In a QQ plot, the theoretical quantiles of the reference dis-
tribution are plotted along the horizontal axis, while the cor-

responding sample quantiles derived from the observed data
are plotted along the vertical axis. If the empirical data fol-
low the theoretical distribution closely, the plotted points
will align approximately along the reference line, typically
the 45-degree line passing through the origin.

Departures from this diagonal pattern provide insight into
distributional deviations. For instance, systematic curvature
may indicate skewness, while deviations in the tails may
suggest heavy-tailed behavior or the presence of outliers.
Consequently, the QQ plot serves as a valuable tool for de-
tecting violations of normality, identifying data irregularities,
and guiding model selection and transformation strategies.

QQ plots are extensively utilized in various domains, in-
cluding finance, engineering, biomedical sciences, and social
sciences, particularly in contexts involving hypothesis testing,
model diagnostics, and validation of parametric assumptions.
Due to their interpretability and general applicability, QQ
plots are considered an essential component of the statistical
visualization toolKkit.

2.1.7. Datasets Employed in Empirical Evaluation

To facilitate a representative exploration of regression
techniques, this study focuses on the well-established task of
housing price prediction. Housing datasets offer rich, heter-
ogeneous feature spaces and real-world relevance, making
them particularly suitable for evaluating the performance and
interpretability of regression models.

In this work, two widely recognized benchmark datasets
are utilized. Both have been extensively employed in the
literature as standard references for algorithm comparison
and methodological demonstrations.

3. Experimental Setup

3.1. Boston Housing Dataset

The Boston Housing dataset is a classic regression
benchmark that predicts the median value of owner-occupied
homes in various suburbs of Boston, Massachusetts. It com-
prises 506 samples with 13 numerical features capturing so-
cioeconomic and environmental attributes, such as, CRIM:
Per capita crime rate by town; RM: Average number of
rooms per dwelling; AGE: Proportion of owner-occupied
units built prior to 1940 etc. The target variable is the median
home value (in thousands of U.S. dollars). This dataset is
freely available on many mainstream dataset-sharing web-
sites and has been widely used to illustrate linear modeling
techniques and assess predictive performance.

3.2. California Housing Dataset

The California Housing dataset extends the housing price
prediction task to a larger and more contemporary context. It
includes data on housing across California districts, with
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20,640 observations and 8 features that describe geographic,
demographic, and economic factors. Key features include
MedInc: Median income in the block; HouseAge: Median
age of housing units; AveRooms: Average number of rooms
per household; Population: Total population of the district
etc. The target variable is the median house value for each
district. This dataset is also publicly available through many
mainstream dataset-sharing websites and is frequently used
in machine learning tasks involving large-scale, real-world
data.

Together, these datasets offer complementary challenges
in terms of feature diversity, scale, and underlying data dis-
tributions, thereby enabling a robust and comparative as-
sessment of regression methodologies.

3.3. Hardware and Software Environment

All experiments in this study were conducted using Python,
leveraging the widely adopted Scikit-Learn machine learning
library for model development and evaluation. The computa-
tional environment consisted of a personal computer
equipped with an Intel(R) Core(TM) i7-10750H CPU @
2.60GHz and 32 GB RAM, providing sufficient resources for
training and testing on both datasets.

3.4. Implementation Details and Parameter
Configuration

Five regression techniques were applied to the selected
datasets: Ordinary Least Squares (OLS), Ridge Regression,
Lasso Regression, Elastic Net, and Polynomial Regression.
For each method, we utilized the corresponding implementa-
tions provided by the Scikit-Learn library, adhering to de-
fault algorithmic configurations unless otherwise specified.

The datasets were partitioned into training and testing sets
using an 80:20 split—a conventional choice in machine
learning practice that balances training sufficiency with
evaluation reliability.

The regularization parameters were configured as follows:

1) Ridge Regression: Regularization strength « = 1.0

2) Lasso Regression: Regularization strength « = 1.0

3) Elastic Net: Regularization strength a« = 1.0, and

mixing parameter p = 0.5

Polynomial regression was performed with second-degree
polynomial feature expansion to allow the model to capture
nonlinear relationships without deviating from the linear
modeling framework.

4. Results and Discussion

4.1. Boston Housing Dataset: Model
Performance Evaluation

This section presents the predictive performance of the
selected regression models on the Boston Housing dataset.
Each model was trained using the specified parameter con-
figurations and evaluated on the held-out test set.

Table 1 summarizes the predictive performance of the five
regression models in terms of Mean Squared Error (MSE)
and R-squared (R?). Among the models evaluated, Polyno-
mial Regression outperformed all others, achieving the low-
est MSE of 14.18 and the highest R? score of 0.81. This
indicates a significantly better fit to the data, likely due to the
model's ability to capture nonlinear relationships via se-
cond-degree polynomial feature expansion. In contrast, the
remaining four models—Linear Regression, Ridge, Lasso,
and Elastic Net—exhibited comparable performance, all
yielding an R? value of approximately 0.67, with minor
variations in MSE. This suggests that while regularization
slightly affects the numerical stability of the coefficients, it
does not substantially enhance predictive performance in this
particular dataset, possibly due to the moderate dimensional-
ity and absence of severe multicollinearity. The results af-
firm the advantage of incorporating nonlinear feature trans-
formations when the underlying data-generating process ex-
hibits nonlinearity.

Table 1. Performance of five regression techniques on the Boston Housing dataset.

Method Mean Squared Error (MSE) R-squared (R?)
OLS 24.29 0.67
Ridge 24.48 0.67
Lasso 2441 0.67
Elastic Net 23.97 0.67
Polynomial 14.18 0.81

Figure 1 displays the residual plots corresponding to the

10

five regression models evaluated: Ordinary Least Squares
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(OLS), Ridge, Lasso, Elastic Net, and Polynomial Regres-
sion. Residual plots are a diagnostic tool used to assess mod-
el performance by visualizing the distribution of prediction
errors—i.e., the differences between observed and predicted
values. Among the models, Polynomial Regression exhibits
the most favorable residual behavior. The residuals are not
only tightly clustered around the zero-reference line but also
fall within a relatively narrow range, suggesting both low
variance and minimal bias. This aligns with the previously
observed superior performance in terms of Mean Squared
Error (MSE) and R%. While Ridge Regression also demon-

strates a relatively narrow spread in its residuals, the distri-
bution is more dispersed compared to Polynomial Regression.
Additionally, the Ridge residuals exhibit mild systematic
deviation from the zero line, suggesting minor model under-
fitting or inability to fully capture nonlinearity. By contrast,
the residuals from OLS, Lasso, and Elastic Net show larger
deviations and less consistent alignment around the zero axis,
indicating greater error variance and reduced predictive fi-
delity. These patterns reinforce the conclusion that introduc-
ing nonlinear basis functions via polynomial expansion sig-
nificantly enhances model fit for this dataset.

Residual Plot for Ridge

Residual Plot for OLS
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Figure 1. Residual plots for the five regression techniques applied to the Boston Housing dataset.

Figure 2 presents the Quantile-Quantile (QQ) plots for the
residuals of each regression technique applied to the Boston
Housing dataset. These plots are used to assess the extent to
which residuals conform to a normal distribution, which is a
key assumption in many regression-based inference proce-
dures. In a QQ plot, theoretical quantiles from the normal
distribution are plotted on the x-axis, while the ordered sam-
ple residuals are plotted on the y-axis. A well-fitting model
will yield residuals that align closely with the reference line
(in red), indicating approximate normality. Among the five
models, Polynomial Regression exhibits the most favorable

11

QQ plot. The residuals are closely aligned with the diagonal
line, especially across the central quantiles, indicating that
the error distribution closely follows a Gaussian pattern. This
further reinforces the model’s strong predictive performance,
as seen in the previous residual and performance metrics
analysis. By contrast, the residuals from OLS, Ridge, Lasso,
and Elastic Net exhibit noticeable deviations from normality,
particularly in the tails. These deviations suggest the pres-
ence of skewness and heavy-tailed behavior, which may af-
fect the validity of statistical inferences based on these mod-
els.
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Figure 2. Quantile-Quantile (QQ) plots of residuals for the five regression models.

4.2. California Housing Dataset: Model
Performance Evaluation

This section presents the predictive performance of the

selected regression models on the California Housing dataset.

As shown in Table 2, Polynomial Regression once again
outperforms the other methods, achieving the lowest MSE
and the highest R? value. The improvement in R? from

0.58 to 0.66 indicates a more accurate fit and better general-
ization to unseen data. The other four models—L.inear, Ridge,
Lasso, and Elastic Net—exhibit nearly identical performance,
with Ridge and Lasso showing negligible differences from
the baseline linear model. These results suggest that incor-
porating polynomial basis functions enables the model to
capture nonlinear relationships present in the California
housing data, leading to improved predictive performance.

Table 2. Performance of five regression techniques on the California Housing dataset.

Method Mean Squared Error (MSE) R-squared (R?)
oLS 5.81E+09 0.58
Ridge 5.81E+09 0.58
Lasso 5.81E+09 0.58
Elastic Net 5.99E+09 0.56
Polynomial 4.61E+09 0.66

Figure 3 presents the residual plots corresponding to each
regression model. Consistent with the results observed for
the Boston dataset, the residuals from Polynomial Regression
are more symmetrically distributed around the zero baseline
and exhibit reduced variance compared to the other models.
In contrast, the residuals from OLS, Ridge, Lasso, and Elas-

12

tic Net demonstrate a distinct triangular pattern, with predic-
tion errors increasing in magnitude alongside the predicted
values. This heteroscedastic behavior suggests that these
models may fail to capture underlying nonlinearities or com-
plex interactions among features.
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Figure 3. Residual plots for the five regression models applied to the California Housing dataset.

Figure 4 displays the QQ plots of residuals, providing in-
sight into the normality assumption. As with the Boston
Housing dataset, Polynomial Regression demonstrates re-
siduals most closely aligned with the diagonal line, particu-
larly in the central quantiles. This indicates a closer adher-
ence to normality and fewer extreme deviations. The residu-

QQ Plot of OLS Residuals

als from the other models exhibit noticeable departures from
the reference line, particularly in the tails, indicating heavi-
er-tailed distributions and potential issues with skewness.
These deviations can negatively impact inference tasks that
rely on the assumption of normally distributed errors.
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Figure 4. QQ plots of residuals for the five regression models applied to the California Housing dataset.
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Together, the residual and QQ plot analyses further cor-
roborate the quantitative results, confirming that Polynomial
Regression is the most suitable model for the California
housing price prediction task among those evaluated. It not
only reduces prediction error but also produces more nor-
mally distributed and homoscedastic residuals, making it a
robust choice in the presence of nonlinear patterns in the
data.

5. Conclusions

This study addressed a core practical problem: identifying
the optimal regression technique for non-expert users to
achieve reliable predictive performance on typical continu-
ous outcome tasks using only default model settings, without
specialized tuning or domain expertise. We empirically
compared five common methods—Ordinary Least Squares
(OLS), Ridge, Lasso, Elastic Net, and Polynomial Regres-
sion—on the Boston and California Housing datasets, with
evaluations spanning quantitative metrics (MSE, R?) and
qualitative diagnostics (residuals, QQ plots).

Key findings show that Polynomial Regression with se-
cond-degree features consistently outperforms the other four
methods in both predictive accuracy and residual conformity,
effectively capturing the nonlinear relationships inherent in
housing data without complex adjustments. Linear regulari-
zation models (Ridge, Lasso, Elastic Net) delivered compa-
rable but lower performance, while OLS yielded acceptable
but less robust baseline results.

These findings confirm Polynomial Regression as a
practical, accessible choice for non-experts tackling general
regression tasks. Future research directions can include
testing these methods on datasets with stronger feature col-
linearity and exploring automated nonlinear feature engi-
neering to further boost the performance of out-of-the-box
regression solutions. Overall, this work provides valuable
guidance for practitioners seeking reliable, low-threshold
predictive tools.
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