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Relevant Code

proc sort data — WORK.WINEQUALITY RED;
by gquality;

Data Exploratory Analysis Ridge Regression Analysis

Coefficient Progression for quality

ibution of fixed_acidity by quality Distribution of volatile_acidity by quality Distribution of citric_acid by quality Ridge Trace for quality
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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:
min RSS
Ridge regression:
min RSS + A * (sumof square of coef fcients)
where A is nonnegative constant

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

features don’t make contributions for predict the target.
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Model Construction

The order of predictor variables in the model:

quali

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)

Discussions

As shown in above figures, the coefficients shrinks
as the parameter A becomes larger. The less
useful a coefficient is, the faster it shrinks.

The practice is to set a set of A values, run the
model on each A, and find the best A 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

ods graphics on;
PROC REG DATA = WORK.TRANSFORMED DATA PLOTS (ONLY)=RIDGE (unpack VIFaxis=log)

QUTEST=RIDGE RIDGE=0 to 0.1 by .01;

MODEL quality = fixed acidity wolatile acidity citric acid residual sugar
chlorides free sulfur dioxide total sulfur dioxide density
rH sulphates alcohol
fixed acidity tr fixed acidity sq wvolatile acidity sg
citric acid tr citric acid sg free sulfur dioxide sg
total sulfur dioxide sqgq sulphates tr sulphates sg
alcohel tr alcohol sg

F
QUTPUT COUT=RIDGE FORCAST PREDICTED=prediction RESIDUAL=residual;
RUN;
PROC PRINT CATA=RIDGE;
RUN;
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