
 

Discovering Features of Documents 

 

In content-based filtering for recommender systems, the focus is on leveraging the 

intrinsic characteristics of items (documents in your case) to make recommendations. Here's 

how you can discover features of documents specifically for content-based filtering: 

1. Text Preprocessing: As mentioned earlier, start by preprocessing the text in the 

documents. This involves tasks like tokenization, lowercasing, removing punctuation, and 

handling special characters. 

2. Text Representation: Choose an appropriate text representation technique to 

convert the processed text into numerical features that can be used by machine learning 

algorithms. Common techniques include: 

 TF-IDF (Term Frequency-Inverse Document Frequency): Calculate the 

TF-IDF values for words in each document. This gives you a numerical representation of the 

importance of words in the document relative to their frequency in the entire corpus. 

 Word Embeddings: Use pre-trained word embeddings like Word2Vec, 

GloVe, or FastText to convert words into dense vector representations. You can average these 

word vectors to get a document vector or use more advanced techniques like Doc2Vec to 

directly generate document embeddings. 

 BERT and Transformers: More recently, transformer-based models like 

BERT can be fine-tuned on your text data to generate context-rich embeddings for documents. 

3. Feature Engineering: Alongside the text-based features, consider incorporating 

other features that might enhance the quality of recommendations. These could include: 

 Metadata: If available, metadata such as author, publication date, genre, 

etc., can provide valuable information. 

 Topic Modeling: Use techniques like Latent Dirichlet Allocation (LDA) or 

Non-Negative Matrix Factorization (NMF) to discover the main topics within documents and 

use the topic proportions as features. 

 Sentiment Analysis: Extract sentiment scores from the text to understand 

the emotional tone of the documents. 

 Named Entity Recognition (NER): Identify and use entities like names, 

locations, and organizations as features. 

4. Feature Vector Creation: Combine the various features you've extracted into a 

single feature vector for each document. This vector represents the document's content from 

multiple perspectives. 



 

5. Normalization: Normalize the feature vectors to ensure that the values are on a 

consistent scale. This is important for distance-based similarity calculations. 

6. Similarity Calculation: Calculate the similarity between documents using 

techniques like cosine similarity or Euclidean distance. This measures how similar the content 

of two documents is based on their feature vectors. 

7. Recommendation Generation: When a user expresses interest in a particular 

document, find similar documents based on the calculated similarities. The most similar 

documents can then be recommended to the user. 

8. Personalization: To enhance personalization, consider incorporating user 

feedback into the content-based recommendations. You can update the feature vectors based 

on the documents the user interacts with and tailor recommendations accordingly. 

Remember that the effectiveness of content-based filtering relies on the quality and 

relevance of the features you extract. Regular experimentation and fine-tuning are crucial to 

achieving the best recommendations for your specific domain and user base. 

 


