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UDC 004.415.25
OLGA SOLOVEI

A SELECTION OF DISTANCE METRIC FOR FEATURE SELECTION BY MUTUAL
INFORMATION FILTER METHOD

A dimensionality reduction is almost a mandatory part of data pre-processing before to build a
machine learning models. One of the ways to reduce a dimension of the dataset is to select features
which are the most predict to target class. The current study is focused on Mutual Information method
for feature selection. The goal of the work is to understand by conducting empirical studies if Mutual
Information method that is implemented in Python’s library sklearn with Chebyshev distance’s metric
has a negative impact on a classification model’s performance.

KEY WORDS: Feature Selection, Mutual Information, distance metric, Area under ROC
curve.

3MEeHIIIeHHSI PO3MIPHOCTI € Maibke 00O0B’A3KOBOIO YaCTHHOIO MOMEPEAHbOI 0OpOOKH JaHUX MEepen
CTBOPEHHSIM MOJIeNield MalIMHHOTO HaBYaHHSI. OJHUM 13 croco0iB 3MEHIIUTH PO3MIPHICTH HabOpy
TaHUX € OTOIp O3HAK, SIKi € HAMOUIBII JOPEYHUMH ISl IPOTHO3YBAHHS 3HAYCHHS LIJIHOBOT 3MIHHOI.
[Toroune gocipKeHHS 30CepeKeHO Ha MEeTOo1i B3aeMHO1 iH(popmartii. MeTa poOOTH MOITae B TOMY,
00 HUISIXOM MPOBEICHHS E€MIIIPUYHUX JOCHIPKeHb 3PO3YMITH, YM Ma€ HETaTUBHUI BIUTUB Ha
POIYKTUBHICTH MOJIEN Kiacu(ikaliii Te, o MeTo 1 B3aeMHoI iHpopmaiiii B 6idmioTeni sklearn mosu
nporpamyBaHHs Python peanizoBaHoro 3 MeTpUKOIO BijicTani YeOuiena.

KJIFOYOBI CJIOBA: Feature Selection, Mutual Information, distance metric

Introduction. The goal of feature selection is to
choose an optimal feature subset according to
predefined evaluation criterion. Filter methods
for feature selection are independent from any
learning algorithm because their evaluation
strategy is based on different statistical measures
and thus are often faster and have a good
generalization ability than other methods. The
appropriate filter’s method is selected depending
on the parameters: a type of machine learning
task; in case of a classification — a number of
unique values in target class (binary or multi-
class); type of predictive features —
continuous/discrete or categorical; type of data in
dataset — flat feature; structure feature; linked
data; multi-source; multi-view; streaming
feature; streaming data [1].

Mutual information (MI) as a filter
method to select the most predictive features is
often used because it is able to detect non-linear
dependencies, which is its main strength, and it
can be applied when dataset includes continues,
discrete or both types of data [2,3]. MI has a
straightforward interpretation as the amount of

shared information between independent feature
and target class. MI in machine learning library
sklearn is measured by k- nearest-neighbours
based estimators, the method sometimes referred
to as KSG (Kraskov-Stogbauer-Grassberger) [4].
Given MI between an independent feature X and
atarget class Y is I(X,Y) then according to KSG
algorithm for each data point i the method
computes a number I; based on its nearest-
neighbours in the continuous variable y as
formalized per eq. 1 and MI is obtained as an
average of I; according to eq. 2.

I; = Y(N) = p(Ny,) + k) —p(my) (1)
where ¥(-) is a digamma function [5]; N —
number of samples in dataset; N, and m; —are k
- closest neighbours to point i among those
whose values are within distance d which can be

calculated wusing any selected distance’s
calculation method; k - value is selected

manually.
1(X,Y) = (I); = p(N) — (p(Ny,)) + (k) —
(Y (my)) (2)
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In Python library sklearn KSG method is
implemented with distance d calculated by
Chebyshev metric, however, others metrics, for
example, Euclidean, normalized Euclidean,
squared Euclidean, Correlation, Cosine, Bray-
Curtis and others are left aside without possibility
to choose them as method’s parameter [6].
However, the selection of distance metrics can
potentially impact the value of calculated MI and
as a result the selected predictive features could
be less correct compared to the results of the
other filter methods. In current work, will be
performed the experiments of selecting different
metrics to define distance d while calculating Ml
by KSG method and evaluate whether a selection
of the distance metric has a negative impact on a
model’s performance, when the model is created
by Random Forest Classifier algorithm.

Main part. Our datasets are from UCI Machine
Learning Repository: Pima Indians Diabetes
(“pima diabetes), E. Coli Genes (“coli”) and
Million Songs (“songs”). The features’ count per
each dataset is 9, 86 and 58 and samples’ count

per each dataset is 768, 9822, 1409
correspondingly. In the experiments for each
dataset are included the steps: 1) calculate Ml
using KSG method with distance metrics:
Chebyshev, Bray-Curtis, Cosine, squared
Euclidean, Correlation; 2) take features which
MTI’s score is positive and not equal to 0; 3) train
machine learner Random Forest Classifier with
selected features and target class; 4) evaluate
model’s performance by area under ROC curve
(AUC); precision and recall metrics.

The values of the performance metrics of
Random Forest Classifier with features that are
selected by chosen distance metrics are recorded
in table 1. It is noticeable, that the highest value
of AUC is when MI is applied with Correlation
metric for “coli” dataset; with squared Euclidean
distance method for “songs” dataset; with Cosine
— “pima diabetes” dataset. The same is visible on
ROC convex hull graphs - that “more northwest”
ROC curve corresponds to distance metrics:
Correlation, squared Euclidean, Cosine for each
dataset correspondingly.

Table 1.

The performance metrics of Random Forest Classifier

Distance “coli” “songs” “pima diabetes”
method AUC, | Precision | Reca | AUC, | Precision | Recall | AUC, | Precisio | Recall
% | Lol | ’ % | M ’
% % % % % %

Chebyshev | 64 52 51 46 53 52 81 66 61
Bray-Curtis | 56 51 50 44 55 54 79 61 62
Cosine 55 50 50 43 56 54 82 67 65
Squared 67 52 51 47 54 53 81 65 67
Euclidean
Correlation | 68 52 51 44 55 54 80 62 62

The values of precision metric from table
1 show that the ability of Random Forest
classifier not to label as positive a sample that is
negative is higher when AUC has the highest

value. Similar tendency is visible for Recall, i.e.,
the ability of Random Forest classifier to find
correctly all positive samples had increased when
AUC had the highest value.



21

Conclusions.
Based on the results from conducted experiments can be concluded that the selection of the distance
metric has an impact on classification’s model performance. Enabling the ability to select the distance
metric while calculating a mutual information by algorithm from Python’s library sklearn could help
to improve a classification’s precision and recall results simultaneously.

ROC dataset = coli ROC dataset = songs ROC dataset = pima_diabetes
10 1 — chebyshev AUC=0.64 = 10 1 — chebyshev AUC=0.46 10 1
braycurtis AUC=0.56 braycurtis AUC=0 44
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braycurtis AUC=0.79
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Fig. 1. ROC convex hull of Random Forest Classifier
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