EDA-Feature Relationships

Feature relationships, also known as feature interactions or feature dependencies, refer to the
connections between different variables (features) in a dataset. Understanding these relationships is
crucial during Exploratory Data Analysis (EDA) because they can inform model development and

improve predictive accuracy.

Types of Feature Relationships:

1. Correlation: This measures how closely two features change together. High correlation doesn't
necessarily mean causation but often indicates that the variables are related in some way, which

could be useful or misleading depending on the context.

2. Mutual Information (MI): A measure of mutual dependence between two variables. It's a

more general version of correlation, applicable to both continuous and categorical features.

3. Partial Dependence: This measures how the expected value of an outcome depends on one

feature while holding all other features constant.

4. Interaction Effects: These occur when the effect of one variable on another changes based on

the level of a third or more variables.

5. Dependency: Similar to correlation but used for more complex relationships, especially with

categorical variables.

Example:

Consider a dataset ( containing information about customers of an e-commerce
company, including their age, gender, location (city), and purchase history.

Let's say we're interested in understanding the relationship between Ve[l and JHVIgIEEY-Nullilld.
as well as how other features influence these relationships.

Step 1: Correlation

First, calculate the correlation coefficient ) between [Ye[N and

PurchaseAmount §

import pandas as pd

# Assuming customer_info is a DataFrame with columns 'Age', 'Gender', 'Location', 'Pu

correlation_matrix = customer_info[['Age', 'PurchaseAmount']].corr()

print(correlation_matrix['PurchaseAmount']['Age'])




This gives you an idea of how gA[zl and JHVIEHENVNIIII M are related but remember, correlation

is not causation.

Step 2: Mutual Information

Calculate the mutual information between JACER and JEVIgHEEL=YA{oliohul.

from mi import MutualInformation

mutual_info = MutualInformation(customer_info)
mi_age_purchase_amount = mutual_info['Age', 'PurchaseAmount']

print(mi_age_purchase_amount)

This step can provide a more nuanced view, especially considering categorical variables.
Step 3: Partial Dependence

For a model like decision trees or random forests, calculate the partial dependence plot of

PurchaseAmount [l , controlling for other features.

import matplotlib.pyplot as plt

# Assuming you have a trained model (e.g., 'model')
partial_dependence = model.partial_dependence('PurchaseAmount', ['Age'])

plt.plot(partial_dependence)

This can help understand how the relationship between ats[:R and UEHESYN I behaves

under different conditions of other variables.
Step 4: Interaction Effects

If your model allows it (e.g., some versions of decision trees or linear regression with interaction
terms), you can explicitly model the interactions between , , Wl Location |

# Assuming a simple linear model for illustration

from sklearn.linear_model import LinearRegression

model = LinearRegression()

model.fit(customer_info[['Age', 'Gender', 'Location']], customer_info['PurchaseAmount

Interpretation of interaction effects involves understanding how changes in one variable affect the

relationship between others.

Understanding these feature relationships is key to developing accurate predictive models and

interpreting their results meaningfully.
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