About Multicollinearity

Multicollinearity is a statistical phenomenon
wherein multiple predictor variables are severely
correlated in a multiple regression model.

= May lead to inaccurate parameter estimates | 1]

= Leads to low confidence on regressor
coefficients [1]

= May cause incorrect feature selection 1]

= Affects several domains such as biological
sciences or finance.

Checking for Multicollinearity
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Experimental Results (contd.)

= ¢y Is a critical parameter that determines value of prior
knowledge over current data.

= Based on quality of dataset we can reduce the effect of it
oy prioritizing the domain knowledge.

Choosing a Prior Matrix

= Standard way to detect multicollinearity in a
dataset is to use the Variance Inflation Factor:
1
VIF =
1 — R?
= Effect of Multicollinearity - High standard
deviation of the coefficients

Regularisation and Feature
Relationship Structures

= Regularization is a computationally efficient
method to incorporate constraints in any l0ss
function without the loss of features.

= Regularisation can help deal with multicollinearity

= Ordinary l; and ls norms do not consider the
relationship between the features.

GFLasso and Associated Issues

= \We show the results of three methods -
s 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]
= For the Boston Housing Price Dataset [3], we generate
CGFLasso-M based on our ideas of how the variables are

correlated to each other due to its simplicity.

= For the Red Wine Dataset |4], we generate CGFLasso-M
using Google Bard.

= For the Stock Price Dataset [5] we use a manually
perturbed version of the correlation matrix due to our lack
of familiarity with its many features.

Experimental Results

= Most general approach to model relations as a
dependency graph with feature nodes, and edges
representing relationships.

= GFLasso regularization [2] defines such a setting:

G = (V,E) is a given graph

V ={1,...,n} is the set of features as nodes

FE is the set of edges denoting their relation

B € Ry, is the adjacency matrix of G ( B; ; € {0,1})

= Penalty Term (penalty(w)):

(1= o) Jwll, +a ) Bywi — sign(rijw;)’
]
where r;; IS the correlation between two
features.

= |[ssue: The features have hard relations amongst
each other - either a relation exists (1), or not (O).

= A partial relationship could be more appropriate
IN scenarios where such clear-cut relations are
not defined.

Contextual GFLasso

= Similar assumptions to GFLasso and the same
penalty term

= \We define the matrix B as:
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where A is the prior domain knowledge matrix

(A;; € [—1,1]), and C'is the correlation matrix
(C@j - [—1, 1)

where wilj =

CGFLasso
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Figure 1. Standard Error Comparison of All Methods in BHP
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Figure 2. Standard Error Comparison of All Methods in RW

0.4
0.31 0.319 0.318 0.324 0.316 0.308 0.315 0.313

0.3

0.2

Standard Error

0.1

0.0

Method

B Largest B Second Largest Third Largest B Third Smallest B Second Smallest Smallest

Figure 3. Standard Error Comparison of All Methods in SP for Largest
and Smallest 3 values

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 593E-03 1.11E-06
Elastic Net 3.20E-06 5.36E-03 1.49E-O7/
GFLasso 3.69E-06 541E-03 1.46E-05
CGFLasso-M 4 05E-06 541E-03 1.49E-0O5
CGFLasso-C 4 05E-06 5.40E-03 3.75E-08
CGFLasso-A 3.9/7E-06 541E-03 5.42E-08

Table 2. Range of Standard Error (SE) of standard error value oy, for
feature k in all Datasets after perturbing on CFLasso-C Prior

Dataset Minimum SE of o, Maximum SE of o

BHP 2.03E-02 2.64E-02
RW 6.31E-02 9.25E-02
SP 6.41E-0O3 1.78E-02

= \WWe manage to reduce standard error of coefficients by
several factors as compared to standard regularisation
techniques and improve upon GFLasso as shown in

Figures 1, 2 and 3.

= \WWe show that accuracy is comparable or better than other
methods In Table 1.

= We show that having a good domain knowledge is
necessary in Table 2, since it can be sensitive.

Conclusions and Future Work

= We show our method reduces standard error of
coefficients significantly with correct domain knowledge.

= Our work enables one to incorporate domain knowledge
as a regularisation technigue to provide better domain
ogeneralisability for any regressor method.

= By incorporating notions of causality during the graph
oreparation we could create even better models in the
future.
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