Level Up Your

Models: Feature
Engineering Power
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What is Feature

Engineering?

It's the art of creating new features from existing
data. Think of it as transforming raw data into
something more useful for your machine
learning models. Good features help the model
learn patterns more effectively, leading to better
accuracy and performance.

It's not just about finding more data, but about
cleverly combining and reshaping the
information you already have. This can involve
mathematical operations, data transformations,
or creating entirely new variables. This process
is crucial for unlocking the full potential of your
datasets.

Effective feature engineering saves time and
improves model results. It's an essential step
before you even start training a model.
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Handling Missing

Data

Missing values are common in real-world
datasets. Ignoring them can bias your models.
Imputation is the process of filling in these
missing values.

Simple methods include using the mean or
median of the column for numerical data, or the
most frequent value for categorical data. More
advanced methods involve using machine
learning algorithms to predict the missing
values based on other features.

Consider the context of your data. Sometimes, a
missing value might be informative. Perhaps it

indicates a particular category or condition, and
shouldn't be treated as a simple zero or average.
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Scaling Numerical

Features

Many machine learning algorithms perform
better when features are on a similar scale.
Features with larger values can dominate the
model, while smaller features might be ignored.
Scaling ensures all features contribute equally.

Common scdling techniques include
standardization (zero mean, unit variance) and
normalization (scaling between 0 and 1).
Standardization is often preferred when data
has outliers. Normalization is useful when data is
already relatively close to a specific range.

These techniques can vastly improve model
convergence speed and accuracy. Experiment
with different scaling methods to see which
works best for your dataset.
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Creating Interaction

Features

Interaction features capture relationships
between different variables. For example, the
interaction between age and income might be
particularly important for predicting purchasing
behavior.

Simply multiplying two features together can
create an interaction feature. This can highlight
synergistic effects or non-linear relationships. It
helps the model understand how different
features collaborate.

Interaction terms can significantly boost model
performance, especially when the underlying
relationships are complex. It's a simple yet
powerful technique.
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Encoding Categorical

Data

Machine learning models typically work with
humerical data. Categorical features, like colors
or product types, need to be converted into a
humerical format.

One-hot encoding creates a new binary feature
for each category. This effectively represents
each category as a separate column. This is
widely used and generally effective.

Label encoding assignhs a unique humerical
value to each category. However, this can
introduce artificial order into the data, which
isn't always desirable. Consider other encoding
techniques like target encoding for more
nuanced handling.
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Polynomial Features

Polynomial features add higher-order terms of
existing features. This allows the model to
capture non-linear relationships in the data.

For example, xA2 , xA3 might be created from a
single feature x. Creating these helps capture
curved relationships. This is particularly useful
when the relationship between the target
variable and the features is not linear.

A simple example: y = xA2 + 2x + 1. This
polynomial feature allows you to model
non-linear associations effectively.

@ Shoaib Akthar Follow for more Data Analytics, Data Science and Al insights
@theshoaibakthar



Feature Selection &

Reduction

Not all features are equally important. Feature
selection helps identify the most relevant
features for the model. This improves model
performance and reduces complexity.

Techniques include filtering methods (based on
correlation or statistical tests), wrapper
methods (evaluating models with different
subsets of features), and embedded methods
(included in the model training process). Choose
the method that best suits your needs and data.

Reducing the number of features (feature
reduction) can also improve model
generalization and prevent overfitting. This often
relies on dimensionality reduction techniques.
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Experiment & Iterate!

Feature engineering is an iterative process. Don't
be afraid to experiment with different
techniques and combinations of features. No
single approach works for every problem.

Keep track of what's working and what’s not. Use
techniques like cross-validation to evaluate the
impact of different features on model
performance. The goal is to find the best set of
features for your specific use case.
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Like this post? Repost!

Share your thoughts in the comments!

| share little hacks and tips | actually use in
Data & Al — follow if you wanna see more!
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