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A few slides we didn’t get to last 
time
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Correlation
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Visualizing Correlation

• Use seaborn's heatmap function

import seaborn as sns
# visualize correlation with heatmap
sns.heatmap(df.corr(), linewidths=1, annot=True)

CS 270 - Intro to Machine Learning 4



Output Class Skew
• Important output class may be rare

• Consider nuclear reactor data – Meltdowns vs non-meltdown prediction

• Undersampling or Oversampling
• Undersampling – if you have 100,000 instances and only 1,000 in minority class, use a high percentage of the 

minority class and sample from the majority class until you get your desired distribution for training (50/50?)
• Oversampling – make duplicates of the minority class and add it to the training data to get a better distribution (might 

cause memorization)
• Could add copies with some jitter (be careful!)

• SMOTE (Synthetic Minority Oversampling Technique)
• pip install imbalanced-learn

• Change your loss function to weight the minority class more heavily

• Use Precision/Recall/F1 or ROC curve rather than just accuracy
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Feature 
Engineering

CS 270 - Intro to Machine Learning 6



CS 270 - Intro to Machine Learning 7



Feature Engineering

• Transform existing features (e.g., use area code to approximate 
location of home)

• Create new features (e.g., compute time to event from dates in 
dataset)

• Extract numeric data from non-numeric sources
• Images
• Video
• Text
• Audio
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Mapping Data to a New Space
• Fourier Transform
• Wavelet Transform
• Problem domain dependent → Understand the domain

Two Sine Waves Two Sine Waves + Noise FrequencyCS 270 - Intro to Machine Learning 9



Data Mapping

Audio to classify
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Data Mapping

Audio to classify
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Image Classifier
Transform to 

image



Feature Selection
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The curse of Dimensionality

• Some machine learning problems will have A LOT of features 
(think thousands or even millions)

• This can make model training very slow (even using some of the 
big data solutions we've learned)

• It can also make it hard to find a good model (high dimensional 
spaces are sparse)

• Furthermore, it is extremely hard to visualize high dimensional 
problems

• The problem of having many many features is sometimes called 
the curse of dimensionality
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Possible Remedies 
• Feature selection

• Filter-based methods (choose features based on some metric)
• Wrapper-based methods

• Forward, backward, or stepwise selection

• Aggregation
• Dimension reduction

• Principal Component Analysis (PCA)
• t-Distributed Stochastic Neighbor Embedding (t-SNE)
• Multidimensional Scaling (MDS) 
• Uniform Manifold Approximation and Projection (UMAP)
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Aggregation

• Combining two or more attributes (or objects) into a single 
attribute (or object)

• Purpose
• Data reduction
• Change of scale
• More stability

Standard Deviation 

of Average Monthly 

Precipitation

Standard Deviation 

of Average Yearly 

Precipitation
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PCA
• Find a lower-dimensional hyperplane that preserves most of 

the variance in the data
• Project the data onto that hyperplane
• Consider the following example where we start with 2 

dimensions and will project down to 1 dimension
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PCA

Image from "Hands-On Machine Learning with Scikit-Learn & TensorFlow" by Aurelien Geron

Which hyperplane (or in this case line) would 
you choose the best represent the original data 
(i.e., has the most variance from the data)?
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Finding Principal Components

• Principal components can be found by computing eigenvalues 
and eigenvectors of the covariance matrix of centered data

• They can also be found by computing the singular value 
decomposition of centered data

• When finding PCs, data should always be centered, and it should 
usually be scaled too
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A few more PCA details
(using eigenvalues and eigenvectors)

• Find the covariance matrix of the centered data, S (d x d matrix)
• Compute the eigenvalues and eigenvectors of S
• Order the eigenvalues from largest to smallest
• The percent of variation explained by the ith PC is:

• Select r dimensions based on desired variance explained
• Project onto r-dimensional hyperplane:

(where Qr is the matrix with the first r eigenvectors)
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Or use sklearn

from sklearn.decomposition import PCA

pca = PCA(n_components = 2) 

#OR

pca = PCA(n_components = .9)

# if n_components is between 0 and 1, it will be interpreted

# as the desired percent variation explained

pca.fit(X)

X_transform = pca.transform(X)

X_reduced = pca.inverse_transform(X)

You should normalize the data first.
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UMAP
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Take Home Message

Know how your 
data was 
collected

1
Be thoughtful and 
transparent when 
cleaning and 
transforming

2
Consider how you 
can add value 
through the data 
collection and 
cleaning process

3
This part can be 
just as fun as 
modeling!

4
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Code for PCA, T-SNE, and UMAP
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