
 

Preprocessing and Feature Extraction 

Preprocessing and feature extraction are essential steps in content-based filtering, where 

you aim to create meaningful representations of items (documents) based on their 

intrinsic characteristics. Here's a detailed breakdown of the preprocessing and feature 

extraction process for content-based filtering: 

1. Preprocessing: Preprocessing involves cleaning and transforming the raw text data 

from documents into a format suitable for feature extraction. Common preprocessing 

steps include: 

 Tokenization: Splitting the text into individual words or tokens. 

 Lowercasing: Converting all words to lowercase to ensure consistency. 

 Removing Punctuation: Eliminating punctuation marks that don't carry 

significant meaning. 

 Removing Stop Words: Removing common words like "and," "the," "in," which 

occur frequently but don't add much semantic value. 

 Stemming or Lemmatization: Reducing words to their root form (stem) or a 

canonical form (lemma) to consolidate variations of the same word. 

 Handling Special Characters: Addressing special characters, HTML tags, or 

URLs, depending on the nature of your documents. 

2. Feature Extraction: After preprocessing, you need to convert the processed text into 

numerical representations that can be used for content-based filtering. Here are some 

common feature extraction techniques: 

 TF-IDF (Term Frequency-Inverse Document Frequency): TF-IDF represents 

the importance of words in a document relative to their frequency across all 

documents in the corpus. It assigns higher weights to words that are important 

within a document but not too common in the entire corpus. 

 Word Embeddings: Word embeddings like Word2Vec, GloVe, and FastText 

create dense vector representations of words. These vectors capture semantic 

relationships between words based on their co-occurrence patterns in the corpus. 

 Doc2Vec (Paragraph Vectors): Similar to word embeddings, Doc2Vec generates 

embeddings for entire documents. It captures the context of words within a 

document to create document-level embeddings. 



 

 BERT and Transformers: These models, like BERT, create contextualized 

embeddings by considering the surrounding words. You can fine-tune pre-trained 

transformer models on your text data to generate document embeddings. 

 Topic Modeling: Techniques like Latent Dirichlet Allocation (LDA) and Non-

Negative Matrix Factorization (NMF) can discover latent topics within documents. 

The topic proportions can serve as features. 

 Other Features: Include metadata features like publication date, author, genre, 

sentiment scores, named entities, and more. These add extra dimensions to your 

feature space. 

3. Feature Vector Creation: Combine the extracted features into a single feature vector 

for each document. This vector represents the document's content from multiple angles, 

incorporating both textual and metadata-based information. 

4. Normalization: Normalize the feature vectors to ensure that they're on a consistent 

scale. This step is particularly important for algorithms that rely on distance or similarity 

calculations. 

By preprocessing and extracting meaningful features from your documents, you create a 

foundation for effective content-based filtering. The quality of your features directly 

influences the accuracy of recommendations. Experimentation and fine-tuning are key to 

finding the best preprocessing techniques and feature extraction methods. 

 

 


