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EXECUTIVE SUMMARY

Recommendation systems play a central role in shaping what people see, buy, and engage with online by

personalizing digital content in real time. They operate by analyzing user behavior and content features to

filter, rank, and update recommendations across platforms like social media, streaming services, and e-

commerce. Their goal is to predict what content (e.g., videos, products, news stories, and more) is most likely

to interest each user.

WHAT ARE RECOMMENDATION SYSTEMS?

Recommendation systems are algorithms that personalize digital platforms by analyzing users’ behavior, preferences,

and engagement patterns. Instead of showing all users the same thing, these systems tailor what people see in real

time, creating a unique experience based on their personal activity and interests. Recommendation systems curate

your social media feed, suggest movies on Netflix, recommend products on Amazon, and select articles in a news app.

Their primary goal is to help users discover relevant content while reducing information overload.

HOW DO RECOMMENDATION SYSTEMS WORK?

The general workflow of a recommendation system includes data collection, recommendation engine, and user

interface.

1. Data Collection 

This process begins with analyzing both user data and item data. User data includes explicit signals, like ratings, likes,

and search queries, as well as implicit behavior, such as how long a video is watched, what’s clicked on, or what’s

ignored. Item data includes both descriptive data (e.g., genre, keywords, or topic) and metadata (e.g., upload date,

popularity, or file type).
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2. Recommendation Engine

This pipeline filters and ranks the available content for users.

a. Candidate Generation — the system filters the full inventory of available content to a smaller pool of potentially

relevant items, based on broad filters such as language, content type, or user interests.

b. Scoring — this candidate set is ranked using predictive models that score each item by how likely it is to engage the

user, whether that means watching a video to the end, making a purchase, or clicking through to read more. Common

techniques include matrix factorization, gradient boosting, and deep learning. 

c. Refining — every time a user scrolls through a feed, plays a video, or makes a purchase, the system updates its

understanding of their preferences and re-ranks future content accordingly.

3. User Interface

Lastly, the user interface is the user’s feed, where the highest-ranking items are delivered to the user and where the

data collection process continuously cycles. The design of this interface influences how users engage with

recommendations.
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EXAMPLES OF RECOMMENDATION ENGINES

There are three common approaches to identifying meaningful patterns that then inform the system’s

recommendation.

Collaborative filtering groups users based on similar behavior. If two users have shown similar behaviors, like

watching the same five shows, this method might recommend to one what the other rated highly next. It doesn’t

require knowledge of the content itself, only patterns of user interaction. This method works best with large

volumes of user data, but it can struggle with new users or unrated items, known as the cold start problem, where

the system lacks sufficient data to make reliable recommendations.

HOW DO RECOMMENDATION SYSTEMS WORK? (CONT’D)

a. Candidate Generation — the system filters the full inventory of available content to a smaller pool of

potentially relevant items, based on broad filters such as language, content type, or user interests.

b. Scoring — this candidate set is ranked using predictive models that score each item by how likely it is to

engage the user, whether that means watching a video to the end, making a purchase, or clicking through to

read more. Common techniques include matrix factorization, gradient boosting, and deep learning. 

c. Refining — every time a user scrolls through a feed, plays a video, or makes a purchase, the system updates

its understanding of their preferences and re-ranks future content accordingly.

https://developers.google.com/machine-learning/recommendation/overview/types
https://www.nvidia.com/en-us/glossary/recommendation-system/
https://www.ibm.com/think/topics/collaborative-filtering
https://www.scientificamerican.com/article/how-recommendation-algorithms-work-and-why-they-may-miss-the-mark/
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Content-based filtering, in contrast, recommends items relevant to a user’s query based on the item features

that a user previously expressed interest in. For example, if a user likes a movie, they will be recommended similar

movies based on genre or cast. This approach works well when users have clear preferences and item features are

well defined, but it may lack recommendation diversity.

Hybrid models combine collaborative filtering and content-based filtering to enhance performance by addressing

their respective limitations. For instance, Spotify and YouTube have hybrid models. By blending user behavior

patterns (collaborative filtering) with relevant item features (content-based filtering), hybrid models produce more

accurate and flexible recommendations. 
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KEY TAKEAWAYS

Though often invisible, recommendation systems have become essential to the way people interact with digital

platforms. They influence what news people read, which products they buy, and which voices they hear. These

systems are usually optimized for platform goals such as engagement, retention, or revenue and not necessarily for

balance, accuracy, or user well-being.

Because they are driven by data and behavior, recommendation systems can unintentionally reinforce biases or limit

exposure to diverse perspectives. At the same time, when designed thoughtfully, they can help users find valuable

content they might not otherwise encounter.

As recommendation systems become more advanced, they play an increasingly influential role in how people access

information and express themselves online. Understanding how these systems work can support informed

engagement and help preserve an open digital environment.

EXAMPLES OF RECOMMENDATION ENGINES (CONT’D)

https://www.ibm.com/think/topics/content-based-filtering
https://www.scientificamerican.com/article/how-recommendation-algorithms-work-and-why-they-may-miss-the-mark/
https://www.ibm.com/think/topics/recommendation-engine

