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» When all predictive variables are no longer
independent in a linear regression model,
multicollinearity problems exist.

» |t canlead to inaccurate parameter estimates, low
confidence on regressor coefficients and incorrect
feature selection in domains such as biological
sciences or finance.

» Can be detected using Variance Inflation Factor
(VIF), but the effects are in terms of high standard
deviation of the linear regressor coefficients
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Note. The plot depicts the predictor variables, Variable 1 and Variable 2, as
highly linearly related.



One way to tackle multicollinearity is using regularization techniques.

Regularization techniques doesn’'t drop variables and has strong theoretical
backing.

Ordinary regularization techniques don’t consider relations among features.

Graph-guided Fused Lasso (GFLasso) uses an unweighted feature graph B but readl
life is not so binary, and also it depends on the correlation matrix solely.

penalty(w) = (1 —a) ||w|; + HZij(wi - sign(rij)wj)z
ij



>

>

Prior domain knowledge can help
offset a bad dataset.

We propose the Contextual
Graph-guided Fused Lasso
(CGFLasso) which uses prior
domain knowledge in the form of
a prior matrix A and the real life
data in the form of the correlation

matrix C to determine the penalty.

penalty(w) = (1 —a) ||w]|; + HZij(wi - sign(r;j)wj)z
ij
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» The method we provide is quite sensitive to the choice of prior matrix — however
good data can possibly negate a bad prior too.

» We use three different ways to generate the prior matrix for three datasets:
» CGFLasso with a prior created manually [CGFLasso-M]

» CGFLasso with a prior generated correlation matrix by using a sample of data [CGFLasso-
C]

» CGFLasso with a prior created from the adjacency matrix used by GFLasso [CGFLasso-A].



The Boston Housing Dataset [2]
consists of 13 continuous attributes
(including the target variable MEDV)
and 1 binary-valued attribute.

We want to predict the Median
value of owner-occupied homes in
$1000’s given the other parameters.

There are 506 data poinfs.

We found the range of VIF values to
be within 2.1 and 84.97, with several
greater than 10, and hence there is
multicollinearity involved here.

log(Standard Error)

o1 %3::::—’&1:./,::3:::——_&3::.

0.05

0.01
0.005

0.001

0.0005 E.=.-=.5-H =&= = ‘.=='=#—4‘-='==ﬂ

Features

® OLS @ Ridge © Lasso @ ElasticNet ® GFLasso ® CGFlasso-M @ CGFlasso-A
©® CGFLasso-C

(a) Standard Error Comparison of All Methods in BHP



The Red Wine Dataset [3] consists of
13 continuous attributes (including
the target variable quality).

We want to predict the quality score
of the wine, given the other
parameters.

There are 1599 data points.

We found the range of VIF values to
be within 2.1 and 84.97, with several
greater than 10, and hence there is
multicollinearity involved here.
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(b) Standard Error Comparison of All Methods in RW



The Stock Price Dataset [4] consists of 63
continuous attributes (including the target variable
Close_forcast) and 1 nominal attribute.

We want to predict the closing price of AppleTM
stock, given the other parameters.

As part of data pre-processing, we had to leave
out the columns Date, CCIl and Is_year_start due
to them giving NaN entries in the correlation matrix
calculations, leaving us with 60 columns and 1
target column.

There are 3732 data points.

We found the range of VIF values to be within 1.02
and 3.78 x 105, with several greater than 10, and
hence there is multicollinearity involved here.
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Table 1: Mean Squared Error for all Datasets

Boston House Pricing Red Wine Stock Price
OLS 1.47E-05 6.04E-03 1.04E-06
Ridge 9.25E-06 5.95E-03 2.55E-06
LASSO 1.08E-06 5.93E-03 1.11E-06
Elastic Net 3.20E-06 5.36E-03 1.49E-07
GFLasso 3.69E-06 5.41E-03 1.46E-05
CGFLasso-M 4.05E-06 5.41E-03 1.49E-05
CGFLasso-C 4.05E-06 5.40E-03 3.75E-08
CGFLasso-A 3.97E-06 5.41E-03 5.42E-08
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