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Feature importance

refers to techniques that calculate a score for all the input features for a given model. The scores
represent the “importance” of each feature. A higher score means that the specific feature will have a
larger effect on the model that is being used to predict a certain variable.
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Feature importance

« Feature selection: By identifying the most important features, we can select a subset of relevant
features for use in building a model, reducing dimensionality and noise in the data, and improving
model interpretability.

 Model interpretability / explainability: By understanding which features are most important, we
can gain insights into the underlying relationships in the data and how the model is making
predictions.

« Model debugging: If a model is not performing well, feature importance can be used to identify
which features may be causing problems and require further investigation.

« Improving model performance: By removing less important features, we can improve model
performance by reducing overfitting and training time.

Adapted from https://www.aporia.com/learn/feature-importance/feature-importance-7-methods-and-a-quick-tutorial/. 3
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Gini importance

also known as Mean Decrease in Impurity (MDI), is used to evaluate how much a feature reduces the
Impurity of a node in a decision tree. The Gini Impurity of a dataset is a number between 0-0.5, which
Indicates the likelihood of new, random data being misclassified if it were given a random class label

according to the class distribution in the dataset.
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Adapted from https://www.nb-data.com/p/do-we-trust-feature-importance-scores.
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Gini importance
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Adapted from https://www.nb-data.com/p/do-we-trust-feature-importance-scores.
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Gini importance
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The best split is the one that has the highest purity, which means we want the lowest Weighted Gini.
The example above shows that the split at X = 2 is the best.

Adapted from https://www.nb-data.com/p/do-we-trust-feature-importance-scores. 6
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Gini importance

Reduction in Gini impurity for each feature

AG(f1) = Gparent — Weighted Gini

In this example, G, IS 0.52 and the split-weighted Gini for the best split (X = 2) is 0.
AG(F) = 0.52-0
(AG(F) = 0.52)

The sample above shows that the reduction in Gini Impurity is 0.52. That is the feature importance
score.

Adapted from https://www.nb-data.com/p/do-we-trust-feature-importance-scores. 7
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Permutation feature importance

measures the increase in the prediction error of the model after we permuted the feature’s values,
which breaks the relationship between the feature and the true outcome.
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Adapted from https://www.aporia.com/learn/feature-importance/explain-ml-models-with-permutation-importance/. 8
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Curse of dimensionality

refers to various phenomena that arise when analysing and organising data in high-dimensional

spaces that do not occur in low-dimensional settings such as the three-dimensional physical space of

everyday experience.

The curse generally refers to issues that arise when the number of datapoints is small (in a suitably

defined sense) relative to the intrinsic dimension of the data. In the realm of machine learning, as the

number of features or dimensions in a dataset increases, (1) the amount of data we need to
generalise accurately grows exponentially and (2) we are increasing the complexity of our data
without necessarily increasing the amount of useful information. It can cause:

« Data sparsity: most of the high-dimensional space is empty making clustering and classification
tasks challenging.

« Increased computational resources and time.

« Overfitting: fitting to the noise rather than the underlying pattern.

« Distances lose meaning --> Performance degradation, especially for algorithms relying on
distance measurements like k-nearest neighbors and kernel ridge regression, can see a drop in
performance.

« Visualisation challenges.

Adapted from https://www.datacamp.com/blog/curse-of-dimensionality-machine-learning. 10
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Feature selection

Feature selection methods

Wrappers: use a model to score different subsets

of features to finally select the best one. Each new Supervised
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performance is then evaluated on a hold-out set.

The features subset which yields the best model i Fifers Embedded
performance is selected. -

Filters: to evaluate the usefulness of each feature, d + Pearson'sr  [>  LASSO
they simply analyse its statistical relation with the |, Backward . o Auto-
model’s target, using measures such as selection > ﬂ"h;'ftd;;m
correlation or mutual information as a proxy for the Recursive > EPB:;T"'E

model performance metric. | d

Embedders: embed (incorporate) the selection > | Chi2

Into the ML model itself, combining speed of the

: . : . -»  Mutual Info
filters with getting the best subset for the particular :

model (like from a wrapper). >  F-score
- ant'
biserial

Adapted from https://neptune.ai/blog/feature-selection-methods. 11
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Dimensionality reduction

(feature projection) — a process that reduces the number of random variables under consideration by
obtaining a set of principal variables. By reducing the dimensionality, we can retain the most
Important information in the data while discarding the redundant or less important features.
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Adapted from “Mastering Dimensionality Reduction: Essential Methods You Must Know in 2024”, Medium 12



Dimensionality reduction

Dimensionality reduction

methods
B Y

Only keep the most
important features

Find a combination of
new features

Linear methods

Backward elimination
Forward selection
Random forests

PCA

FA

LDA

Truncated SVD

Image copyright: Rukshan Pramoditha

Non-linear methods
(Manifold learning)

Kernel PCA
t-SNE

MDS
Isomap
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Dimensionality reduction

* Principal Component Analysis (PCA) is an
unsupervised machine learning method that
transforms the original variables, correlated with
each other, into a new set of variables, which are
linear combinations of the original variables. These
new variables are called principal components.

« Linear Discriminant Analysis (LDA) a supervised
machine learning method that is used to separate
two groups/classes. LDA focuses on maximising the
separability among known categories by creating a
new linear axis and projecting the data points on that
axis. It's particularly useful for classification tasks.

« t-Distributed Stochastic Neighbor Embedding (t-
SNE) is an unsupervised machine learning method
for non-linear dimensionality reduction that is
particularly useful for visualising high-dimensional
datasets.

Variable #1

Adapted from “PCA vs LDA vs T-SNE — Let’s Understand the difference between them!”,

Original data
(high-dimensions)

PCA:

component axes that
maximize the variance

PC2

x
My XA
\Ax
x X
x x %
X X

PCA dimensionality
X A reduction
—_—

Medium

Lower-dimensional
embedding

PC1
!

Principal component #2

Principal component #1

e Maximize variance along PC1
e Minimize residuals along PC2

LDA:
maximizing the component
axes for class-separation

14



Dimensionality reduction

2 component PCA

2 component LDA

Principal Component 2

Orange juice adulteration using water dilution
and sucrose addition in the range of 0—30%
and 0—60%, respectively:

HCI — acidic

NaCl — salty

Sucrose — sweet

MSG — umami
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