
PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

Learning Lasso Regression: An
Introduction to Regularization

Techniques

Authored by

Mohammed looti

November 6, 2025

RECOMMENDED CITATION

Mohammed looti (2025). Learning Lasso Regression: An Introduction to Regularization

Techniques. PSYCHOLOGICAL STATISTICS. Retrieved from

https://statistics.arabpsychology.com/?p=11796

https://statistics.arabpsychology.com/?p=11796
https://statistics.arabpsychology.com/?p=11796
https://statistics.arabpsychology.com/?p=11796
https://statistics.arabpsychology.com/?p=11796
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com


Learning Lasso Regression: An Introduction to Regularization Techniques 2

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

Understanding the Mechanics of Multiple Linear Regression

At its core, standard multiple linear regression (MLR) is a powerful statistical technique designed to

model the relationship between a set of p predictor variables and a single continuous response

variable. This methodology assumes a linear relationship, which is mathematically represented by

the following foundational equation:

Y = β0 + β1X1 + β2X2 + ... + βpXp + ε

A clear understanding of each component in this equation is fundamental to interpreting the

behavior and limitations of the resulting model:

Y: Represents the predicted value of the response variable.

Xj: Denotes the jth predictor variable included in the model analysis.

βj: The coefficient (or weight) quantifying the estimated average change in Y resulting from a one-

unit increase in Xj, assuming all other predictors are held constant.

ε: The inherent error term, accounting for the unexplained variance or residuals.

The coefficients (the β values) are traditionally calculated using the least squares method (OLS).

This method defines the optimal model fit as the set of coefficients that minimizes the total

discrepancy between the observed data and the values predicted by the model. This discrepancy

is formalized as the Sum of Squared Residuals (RSS):

RSS = Σ(yi - ?i)2

The primary goal of OLS is to minimize this RSS value, thereby providing the "best" linear

unbiased estimates. The components of the RSS calculation are critical for measuring model

performance:

Σ: The summation operator, aggregating discrepancies across all data points.

yi: The actual, observed response value for the ith data point.

?i: The value predicted by the multiple linear regression model for the ith data point.

The Limitations of OLS and the Challenge of Multicollinearity

While the least squares method is highly effective under ideal conditions, it faces severe stability

issues when the predictor variables themselves are highly correlated--a common statistical

problem known as multicollinearity. When predictors exhibit strong linear dependence, the model

struggles to isolate the unique contribution of each variable. This struggle results in coefficient

estimates that are highly sensitive to minor changes in the data, leading to inflated variance and

unreliable interpretations.
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This high variance often manifests as overfitting: the model fits the noise in the training dataset

exceptionally well but performs poorly when applied to new, unseen data. Such instability severely

compromises the model's ability to generalize, rendering it impractical for robust predictive

modeling tasks. To counteract this inherent vulnerability of OLS in complex datasets, we must

introduce a constraint on the complexity of the model.

This constraint is achieved through regularization techniques. Specifically, we turn to Lasso

regression (Least Absolute Shrinkage and Selection Operator). Lasso modifies the core

optimization problem by adding a penalty term based on the absolute magnitude of the

coefficients. Instead of solely minimizing the RSS, Lasso minimizes a penalized objective function:

RSS + λΣ|βj|

In this modified objective function, the term j spans from 1 to p, representing the predictors, and λ
(lambda) is the crucial tuning parameter, constrained such that λ ≥ 0. The second component,

λΣ|βj|, is known as the L1 shrinkage penalty. This penalty forces the model to balance goodness-

of-fit (minimizing RSS) with model complexity (minimizing the sum of the absolute coefficient

values).

If the tuning parameter λ is set to zero, the penalty term effectively disappears, and the Lasso

regression reverts identically to standard least squares estimation. Conversely, as the value of λ
increases, the influence of the L1 penalty grows stronger. This increasing constraint compels the

coefficients of less influential predictor variables to shrink significantly toward zero. A defining

characteristic of Lasso, differentiating it from other techniques, is its ability to drive certain

coefficients exactly to zero, effectively performing automatic feature selection.

Optimizing Performance: The Bias-Variance Tradeoff

The fundamental statistical justification for employing Lasso regression over traditional ordinary

least squares is its superior management of the critical bias-variance tradeoff. The overall

predictive quality of a model, particularly its performance on unseen data, is commonly quantified

using the Mean Squared Error (MSE). MSE can be mathematically decomposed into three

constituent parts:

MSE = Var(f?(x0)) + 2 + Var(ε)

MSE = Variance + Bias2 + Irreducible error

The core strategy behind regularization methods is deliberately introducing a negligible amount of

bias into the model's coefficient estimates. This small, calculated increase in bias is accepted

because it yields a corresponding, substantial reduction in variance. The net effect is a lower

overall test MSE, culminating in a far more robust and generalizable predictive model than an

https://en.wikipedia.org/wiki/Overfitting
https://en.wikipedia.org/wiki/Regularization_(mathematics)
https://en.wikipedia.org/wiki/Lasso_(statistics)
https://en.wikipedia.org/wiki/Lasso_(statistics)
https://en.wikipedia.org/wiki/Regularization_(mathematics)
https://en.wikipedia.org/wiki/Lasso_(statistics)
https://en.wikipedia.org/wiki/Lasso_(statistics)
https://en.wikipedia.org/wiki/Lasso_(statistics)
https://en.wikipedia.org/wiki/Bias%E2%80%93variance_tradeoff
https://en.wikipedia.org/wiki/Mean_squared_error
https://en.wikipedia.org/wiki/Bias%E2%80%93variance_tradeoff
https://statistics.arabpsychology.com/?p=11796
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com


Learning Lasso Regression: An Introduction to Regularization Techniques 4

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

unregularized OLS model.

The relationship between the tuning parameter and the error components is visually compelling:

As the value of λ increases, the variance associated with the model coefficients decreases sharply.

Initially, this reduction in variance far outweighs the marginal increase in bias, driving the test MSE

down toward its minimum. However, if λ is increased excessively, the shrinkage becomes too

aggressive, severely underestimating the true coefficients. This state of over-shrinkage results in a

rapid and detrimental surge in the bias component, causing the test MSE to rise again.

Identifying the optimal value for λ is therefore paramount. This optimal point is where the maximum

reduction in variance is achieved before the introduction of bias becomes too costly. By fine-tuning

λ, Lasso regression is expected to consistently produce models with smaller overall test errors

when compared against unregularized models fitted using standard least squares.
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Contrasting Regularization: Lasso (L1) versus Ridge (L2)

Lasso regression and ridge regression are the two primary techniques within the family of

regularization methods. Both aim to improve model stability and predictive accuracy by minimizing

the RSS while simultaneously applying a penalty on the magnitude of the model coefficients. This

fundamental constraint prevents coefficients from becoming excessively large, which is a hallmark

of overfitting.

The crucial distinction between these two powerful techniques lies in the specific mathematical

form of the penalty term they utilize:

Lasso Regression utilizes an L1 penalty (the sum of the absolute values of the coefficients),

minimizing the objective function: RSS + λΣ|βj|.

Ridge Regression utilizes an L2 penalty (the sum of the squared values of the coefficients),

minimizing the objective function: RSS + λΣβj2.

The L2 penalty employed by ridge regression effectively shrinks coefficients toward zero, but

crucially, it never forces them to reach zero exactly. This means that ridge regression retains all

predictor variables in the final model, regardless of their importance, although their influence is

significantly diminished by the shrinkage.

In stark contrast, the L1 penalty specific to Lasso regression possesses the unique mathematical

property of forcing coefficients completely to zero when the tuning parameter λ is sufficiently large.

https://en.wikipedia.org/wiki/Lasso_(statistics)
https://en.wikipedia.org/wiki/Ridge_regression
https://en.wikipedia.org/wiki/Regularization_(mathematics)
https://en.wikipedia.org/wiki/Ridge_regression
https://en.wikipedia.org/wiki/Ridge_regression
https://statistics.arabpsychology.com/?p=11796
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com


Learning Lasso Regression: An Introduction to Regularization Techniques 6

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com

Consequently, Lasso is capable of producing "sparse" models. These models automatically

perform integrated feature selection by identifying and excluding irrelevant or redundant predictor

variables, thereby simplifying the model structure significantly.

The choice between Ridge and Lasso typically depends on the underlying data characteristics. If

the dataset contains many potentially irrelevant predictor variables, Lasso is generally preferred

because its feature selection capability yields a cleaner, more interpretable model. Conversely, if

most predictor variables are genuinely relevant and their coefficients are roughly similar in

magnitude, Ridge regression tends to perform marginally better, as it distributes the shrinkage

uniformly across all features rather than eliminating them entirely.

A Practical Workflow for Implementing Lasso Regression

Implementing Lasso regression requires a systematic, three-step approach to ensure the model is

correctly diagnosed, tuned, and evaluated against alternative statistical methods.

Step 1: Diagnosing Multicollinearity and Data Characteristics.

Before proceeding with regularization, it is mandatory to diagnose the presence and severity of

multicollinearity among the predictor variables. This diagnosis involves calculating the correlation

matrix and, more critically, the VIF (Variance Inflation Factor) for each feature. If the VIF values

exceed accepted thresholds (typically 5 or 10), it confirms that regularization, such as Lasso, is

necessary to stabilize the coefficient estimates. If multicollinearity is minimal, the additional

complexity introduced by regularization may not be justified, and ordinary least squares might

suffice.

Step 2: Fitting the Lasso Model and Selecting the Optimal Tuning Parameter (λ).

Once the need for stabilization is confirmed, the Lasso model must be fitted across a wide range of

λ values. Modern computational tools (like packages in R or Python's scikit-learn) automate this

process. The paramount goal of this step is selecting the optimal λ value. This optimal parameter is

the one that consistently minimizes the test MSE. Robust validation techniques, especially cross-

validation, are indispensable here for generating reliable estimates of the test error curve across

the regularization path.

Step 3: Comparative Model Evaluation Using Cross-Validation.

The final stage involves a definitive head-to-head comparison of the chosen optimal Lasso model

against other strong candidates, specifically the best-tuned ridge regression model and the

standard ordinary least squares model. By employing k-fold cross-validation to accurately estimate

the true out-of-sample error, practitioners can objectively determine which approach provides the

lowest test MSE for the specific dataset. The superior model is always data-dependent; therefore,
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rigorous comparison is essential before deployment.

Implementation Resources in R and Python

For practical application, robust statistical packages and libraries are readily available in popular

programming languages, simplifying the execution and automated tuning of the lambda parameter

for Lasso regression.

The following tutorials offer comprehensive, step-by-step guidance for applying this powerful

regularization technique in common data science environments:

Step-by-Step Guide to Lasso Regression in R

Step-by-Step Guide to Lasso Regression in Python
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