
Machine Learning-Feature Engineering

Feature Engineering for Machine Learning: A Summary and Example

Feature engineering is the process of selecting, transforming, and extracting relevant features from
raw data to improve the performance and accuracy of machine learning models. It's an essential
step in the machine learning pipeline that can significantly impact model performance.

Why Feature Engineering Matters

1. Improved Model Performance: Relevant features can lead to better model predictions and
higher accuracy.

2. Reduced Overfitting: By selecting relevant features, you reduce the risk of overfitting and
improve model generalizability.

3. Increased Interpretability: Relevant features can provide insights into the relationships
between variables.

Types of Feature Engineering Techniques

1. Selection: Choosing a subset of existing features to use in the model.

2. Transformation: Applying mathematical transformations (e.g., logarithm, polynomial) to
existing features.

3. Extraction: Creating new features by combining or manipulating existing ones (e.g., feature
hashing).

4. Creation: Generating new features from raw data (e.g., image processing).

Example: Predicting House Prices with Feature Engineering

Suppose we're building a regression model to predict house prices based on several features, such
as:

price : The original price of the house

bedrooms : Number of bedrooms in the house

sqft : Square footage of the house

location : Zip code or neighborhood

type : Type of property (single-family home, condo, etc.)

Feature Engineering Example



1. Selection: Choose price  and sqft  as relevant features.

2. Transformation: Apply a logarithmic transformation to price  to reduce the effect of
extreme values.

3. Extraction: Create a new feature, bedrooms_per_sqft , by dividing bedrooms  by
sqft .

4. Creation: Generate a new feature, location_score , based on the zip code or neighborhood.

Feature Engineering Example Code (Python)

import pandas as pd

# Load data

df = pd.read_csv('house_prices.csv')

# Select relevant features

selected_features = ['price', 'sqft']

# Apply logarithmic transformation to price

df['log_price'] = np.log(df['price'])

# Create new feature: bedrooms_per_sqft

df['bedrooms_per_sqft'] = df['bedrooms'] / df['sqft']

# Generate location_score based on zip code or neighborhood

location_scores = pd.get_dummies(df['location'])

df = pd.concat([df, location_scores], axis=1)

# Drop original location feature

df.drop('location', axis=1, inplace=True)

In this example, we applied various feature engineering techniques to create a more robust and
accurate model for predicting house prices.

Best Practices

Keep it simple: Avoid over-engineering features that may lead to overfitting.

Interpretability: Make sure new features are interpretable and meaningful.

Cross-validation: Evaluate the impact of feature engineering on model performance using
cross-validation.
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