
CURSE OF DIMENSIONALITY

Curse of Dimensionality

 Challenge in high-dimensional data spaces
 Coined by Richard Bellman
 Impacts ML algorithms relying on distance metrics (the way we calculate

distance between data points affects the performance, accuracy, and efficiency of
certain Machine Learning models.)

What are dimensions?

 Dimensions refer to the features or attributes of data.
 For instance, if we consider a dataset of houses, the dimensions could include the

house's price, size, number of bedrooms, location, and so on.

How does the curse of dimensionality occur?

 As we add more dimensions to our dataset, the volume of the space increases
exponentially.

 This means that the data becomes sparse.
 Think of it this way: if you have a line (1D), it's easy to fill it with a few points. If

you have a square (2D), you need more points to cover the area. Now, imagine a
cube (3D) - you'd need even more points to fill the space.

 This concept extends to higher dimensions, making the data extremely sparse.

What problems does it cause?



 Data sparsity: As mentioned, data becomes sparse, meaning that most of the high-
dimensional space is empty. This makes clustering and classification tasks
challenging.

 Increased computation. More dimensions mean more computational resources
and time to process the data.

 Overfitting. With higher dimensions, models can become overly complex, fitting
to the noise rather than the underlying pattern. This reduces the model's ability to
generalize to new data.

 Distances lose meaning. In high dimensions, the difference in distances between
data points tends to become negligible, making measures like Euclidean
distance less meaningful.

 Performance degradation. Algorithms, especially those relying on distance
measurements like k-nearest neighbors, can see a drop in performance.

 Visualization challenges. High-dimensional data is hard to visualize, making
exploratory data analysis more difficult.

How to Solve the Curse of Dimensionality

 The primary solution to the curse of dimensionality is "dimensionality reduction."
 It's 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.

Techniques to Mitigate the Curse of Dimensionality

 The appropriate method depends on whether features are
 correlated,
 uncorrelated,
 categorical, or
 numerical and
 whether the problem is classification or regression

1. Feature Selection (Dropping Unimportant Features)

 Feature selection removes irrelevant or redundant features to improve model
performance.

 Variance Threshold: Removes features with low variance.
 Chi-Square Test (χ²): For categorical features vs. categorical target (e.g., feature

importance in classification problems).
 ANOVA (F-Test): For numerical features vs. categorical target (e.g., feature

selection in regression problems).
 Mutual Information: Measures how much a feature contributes to the target

variable.
 LASSO (L1 Regularization): Shrinks irrelevant feature coefficients to zero.

When to use?

 When features are mostly independent.



 When reducing computational complexity is a priority.

2. Feature Extraction (Transforming Features to Lower Dimensions)

 Feature extraction techniques create new representations of data in a lower-
dimensional space while preserving relevant information.

1.Principal Component Analysis (PCA)
 Finds orthogonal directions of maximum variance in data and projects it onto a

lower-dimensional space.
 Useful when features are highly correlated.
 Doesn’t work well when features are uncorrelated.

2. Linear Discriminant Analysis (LDA)

 Maximizes the separability between different classes in classification problems.
 Works well when the target variable is categorical

3. Autoencoders (Deep Learning-Based)

 Neural networks trained to compress and reconstruct data.
 Useful for non-linear feature extraction.
 Works well for image and text data.

4. t-SNE and UMAP

 Primarily used for visualization.
 Good for understanding high-dimensional relationships but not always useful for

predictive modeling.

When to use?
 When features are correlated.
 When interpretability is not a primary concern.

3. Sampling Techniques (Reducing the Number of Data Points)

 When data is too large to process, reducing the number of samples while
retaining diversity can help.
 Random Sampling: Selects a subset of data points.
 Stratified Sampling: Ensures all classes are proportionally represented.
 Cluster-Based Sampling: Selects representative samples from clusters.

When to use?

 When computational efficiency is a priority.
 When working with massive datasets



4. Using Specialized Distance Measures

 Cosine Similarity: Works better than Euclidean distance in high-dimensional
sparse data.

 Mahalanobis Distance: Accounts for correlation between variables.
 Hamming Distance: Effective for binary and categorical data.

When to use?

 When using distance-based models (e.g., k-NN, clustering) in high dimensions.

5. Increase Training Data:

While not always feasible, increasing the amount of training data can help mitigate
the curse of dimensionality by providing more examples to learn from, potentially
filling in sparse regions of the feature space.

6. Data Preprocessing:

Proper preprocessing can help alleviate some effects of high dimensionality:
 Normalization: Scaling features prevents certain attributes from dominating

others due to differences in magnitude.
 Handling Missing Values: Addressing missing data through imputation or

deletion can improve the quality of high-dimensional datasets.


