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Introduction

In the era of big data, there have been a lot of voices that
more data and simple algorithms beat complex algorithms.
[1] A family of popular simple analytical models are linear
models. Because of its high interpretability, effectiveness,
and simplicity, they have been widely used. But the standard
linear regression models have restrict assumptions that may
be violated. Linear models with penalized term (i.e. ridge
regression) can yield better prediction accuracy.

1. Explore linear models with reguliarization on the
selected dataset.

2. Make recommendations for the practice.

Theory of Linear Model Regularization

As known, the standard linear regression is fitted by
minimizing residual sum of squares (RSS). But when fitting
ridge regression, a penalty is added in the objective.[2]
Linear regression:

min𝑅𝑆𝑆
Ridge regression:

min𝑅𝑆𝑆 + 𝜆 ∗ (𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒 𝑜𝑓 𝑐𝑜𝑒𝑓𝑓𝑐𝑖𝑒𝑛𝑡𝑠)
𝑤ℎ𝑒𝑟𝑒 𝜆 𝑖𝑠 𝑛𝑜𝑛𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡

Why?
• Force coefficients of some features to zero where the

features don’t make contributions for predict the target.

Data Exploratory Analysis 

Model Construction
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The order of predictor variables in the model:
fixed_acidity(3) volatile_acidity(2) citric_acid(3)
residual_sugar(1) chlorides(1) free_sulfur_dioxide(2)
total_sulfur_dioxide(2) density(1) pH(1) sulphates(3) alcohol(3)

As shown in above figures, the coefficients shrinks
as the parameter 𝜆 becomes larger. The less
useful a coefficient is, the faster it shrinks.
The practice is to set a set of 𝜆 values, run the
model on each 𝜆, and find the best 𝜆 that gives
best performance result.
Cross validation is used to select the optimal
tuning parameter for lasso. The criteria used is
the average square error of validation data sets.
The split ratio was (70-30). The RMSE for the best
model is 0.637


