Understanding Recommendation
Systems - From Zero to Hero ?

? What You'll Learn

This guide explains recommendation systems from first principles, with real-world examples,
formulas, and the math behind them. No code, just concepts!

? Chapter 1: What Are
Recommendation Systems?

The Simple Definition

A recommendation system is a tool that predicts what you might like based on:

e What you've done before
e What others like you have done
e Properties of the items themselves

Real-World Analogy

Imagine a smart bookstore clerk:

e Remembers every book you bought

e Knows what other customers bought
e Understands book genres and themes
e Suggests books you'll probably enjoy

That's essentially what a recommendation system does!



?? Chapter 2: The Three Main Types

Type 1: Content-Based Filtering

Concept: Recommend items similar to what you liked before.
How it works:

1. Analyze features of items you liked
2. Find other items with similar features
3. Recommend those items

Example:

You liked:
- "Harry Potter" (Fantasy, Magic, Young Adult, Adventure)
- "Lord of the Rings" (Fantasy, Magic, Epic, Adventure)

System recommends:
- "The Hobbit" (Fantasy, Magic, Adventure) [J Very similar!
- "Chronicles of Narnia" (Fantasy, Magic, Young Adult) [J Good match!

The Math Behind It:

Each item is represented as a feature vector:

Harry Potter = [Fantasy: 1, Magic: 1, Young Adult: 1, Adventure: 1, Romance: 0]
Lord of the Rings = [Fantasy: 1, Magic: 1, Young Adult: 0, Adventure: 1, Romance: 0]
The Hobbit = [Fantasy: 1, Magic: 1, Young Adult: O, Adventure: 1, Romance: 0]

Similarity Calculation (Cosine Similarity):

Similarity = (A - B) / (||A]] x ||B]])

Where:

A - B = Dot product (multiply matching features)
| [A|| = Magnitude of vector A

| IB|| = Magnitude of vector B

Result: Number between 0 (totally different) and 1 (identical)



e [] Doesn't need other users' data
e [] Can recommend new items immediately
e [] Easy to explain why something was recommended

e [] Limited to features you can describe
e [] Can't discover new interests
e [] Gets stuck in a "filter bubble"

Type 2: Collaborative Filtering

Concept: "People like you also liked..."
How it works:

1. Find users similar to you
2. See what they liked
3. Recommend those items to you

Example:

You (Alice):
- Liked: iPhone, MacBook, AirPods

- Rating: 5 stars, 5 stars, 4 stars

Similar User (Bob):
- Liked: iPhone, MacBook, AirPods, Apple Watch

- Rating: 5 stars, 5 stars, 5 stars, 5 stars

Recommendation for Alice:

- Apple Watch (because Bob, who has similar taste, loves it!)

Two Approaches:

A. User-Based Collaborative Filtering

Formula for User Similarity (Pearson Correlation):

similarity(user_a, user b) =

Y(rating _a - avg_a)(rating b - avg b)



/ V[Z(rating a - avg a)2?] x V[Z(rating b - avg b)?]

Result: Number between -1 (opposite taste) and 1 (identical taste)

Example Calculation:

Alice's ratings: [5, 4, 3, ?, 2]
Bob's ratings: [5, 5, 3, 4, 2]
Carol's ratings: [1, 2, 3, 4, 5]

Similarity(Alice, Bob) = 0.95 (very similar!)
Similarity(Alice, Carol) = -0.8 (opposite taste!)

Predict Alice's rating for item 4:

- Use Bob's rating (4) because Bob is most similar

B. Item-Based Collaborative Filtering

Instead of finding similar users, find similar items!

Example:

People who bought iPhone also bought:
- iPhone Case (90% of buyers)

- Screen Protector (85% of buyers)

- AirPods (60% of buyers)

- Apple Watch (40% of buyers)

You bought iPhone - Recommend iPhone Case (highest correlation!)

Formula for Item Similarity:

similarity(item i, item j) =
Number of users who liked both items

/ V(Users who liked item i x Users who liked item j)

This is called "Jaccard Similarity"
Pros:

e [] Discovers new interests
e [] Doesn't need item features



e [] Works well with lots of user data
Cons:

e [] Cold start problem (new users/items)
e [] Sparsity (most users rate few items)
e [] Popularity bias (recommends popular items)

Type 3: Hybrid Systems
Concept: Combine multiple approaches for better results!

Common Combinations:

A. Weighted Hybrid

Final Score =
(0.5 x Content-Based Score) +

(0.5 x Collaborative Score)

Example:

Product X:

- Content similarity to your likes: 0.8

- People like you also bought it: 0.6

- Final score: (0.5 x 0.8) + (0.5 x 0.6) = 0.7

B. Switching Hybrid

IF user is new (no history):
- Use Content-Based (based on item features)
ELSE IF user has lots of history:

- Use Collaborative (based on similar users)

C. Cascade Hybrid

Step 1: Content-Based filters 1000 - 100 items
Step 2: Collaborative ranks those 100 - Top 10
Step 3: Show top 10 to user



? Chapter 3: The Math Explained
Simply

Similarity Measures

These are ways to measure "how alike" two things are.

1. Cosine Similarity (Most Common)

Imagine two arrows in space:

Arrow A points - (3, 4)
Arrow B points - (4, 3)

Angle between them = small - Similar!

Angle = 90° - Completely different

Formula:
cosine similarity = cos(8) = (A - B) / (|A| x |B]|)
Where:
A - B= (3x4) + (4x3) = 12 + 12 = 24
[A] = V(32 + 42) =+v25 =5

[B| = V(42 + 32) = V25 =5

Result =24 / (5 x 5) = 24/25 = 0.96 (very similar!)

Range: 0 (perpendicular) to 1 (identical direction)

2. Euclidean Distance

Think of it as "crow flies" distance:

Point A = (1, 2)
Point B = (4, 6)
Distance = V[(4-1)2 + (6-2)2]

Vv[9 + 16]



V25

Closer distance = More similar

Problem: Doesn't work well with different scales!

Price: $10 vs $15 (difference = 5)

Rating: 3 vs 4 stars (difference = 1)

The price difference dominates unfairly!

Solution: Normalize first (scale everything 0-1)

3. Pearson Correlation

Measures if two things move together:

Alice rates: [5, 4, 3, 2, 1]
Bob rates: [5, 4, 3, 2, 1]

- Perfect correlation = 1.0 (they always agree!)

Alice rates: [5, 4, 3, 2, 1]
Carol rates: [1, 2, 3, 4, 5]

- Perfect negative correlation = -1.0 (opposite taste!)
Formula:
r==3x[(x-x)(y -9y 7/ VIE(x - x7)2 x Z(y - y)2]

Where:
x~ = average of x

y = average of y

Range: -1 (opposite) to +1 (identical)

Matrix Factorization (Advanced!)

The Idea: Break down the user-item matrix into hidden patterns.



Real-World Example:

Movie ratings matrix:

Action Comedy Drama

Alice 5 2 4
Bob 5 1 3
Carol 1 5 2

Hidden factors might be:
Factor 1: "Likes serious content"

Factor 2: "Likes funny content"

Alice = [High Factor 1, Low Factor 2] - Likes Action/Drama

Carol = [Low Factor 1, High Factor 2] - Likes Comedy

This is what Netflix does!

They discovered hidden factors like:
e "Likes quirky independent films"
e "Prefers big-budget blockbusters"

e "Enjoys thought-provoking documentaries"

Formula (Simplified):

Rating = User Vector - Item Vector

Alice's vector = [0.9, 0.2] (serious, not funny)

Action movie vector = [0.8, 0.1] (serious, not funny)

Predicted rating (0.9 x 0.8) + (0.2 x 0.1)

0.72 + 0.02

0.74 (normalized)
4.5 stars

4

? Chapter 4. Real-World Examples
Explained



Example 1: Netflix

What they use: Hybrid system with heavy collaborative filtering + content-based

How it works:

Step 1: Collaborative Filtering
- Find users who rated movies similarly to you

- Weight: 60%

Step 2: Content-Based
- Analyze genres, actors, directors you like

- Weight: 25%

Step 3: Trending/Popular
- What's hot right now
- Weight: 15%

Final Score = (0.6 x Collaborative) + (0.25 x Content) + (0.15 x Trending)

Why it works:

e Cold start: New users get recommendations based on genres they select
e Warm users: Get personalized recommendations from similar users
e Diversity: Trending ensures you see new popular content

Example 2: Amazon

What they use: Primarily item-based collaborative filtering
The Famous Algorithm: "Customers who bought X also bought Y*"

How it's calculated:

iPhone - Case: 85% co-purchase rate

iPhone

1

Screen Protector: 78% co-purchase rate
iPhone - Charger: 65% co-purchase rate

iPhone - Laptop: 5% co-purchase rate

Formula:

Co-purchase rate =



(Times X and Y bought together) / (Times X was bought)

Example:

iPhone bought: 1000 times

iPhone + Case bought together: 850 times
Co-purchase rate = 850/1000 = 85%

Why it works:

Very accurate for complementary products

Doesn't need user profiles

Works immediately for new users

Based on actual purchase behavior (not just browsing)

Example 3: Spotify
What they use: Hybrid with collaborative + audio analysis + social

Three Recommendation Types:

A. Collaborative Filtering

Your playlists: [Pop, Rock, Indie]
Similar user's playlists: [Pop, Rock, Indie, Alternative]

- Recommend Alternative music

B. Audio Analysis (Content-Based)

Song features analyzed:

- Tempo: 120 BPM

- Key: C Major

- Energy: High

- Valence (happiness): Medium

- Acousticness: Low

Find songs with similar audio features!

C. Social

Your friends listen to:

- Artist X: 80% of friends



- Artist Y: 60% of friends

- Recommend Artist X

Weekly Discover Playlist:

30% Collaborative (users like you)

°

+ 30% Audio similarity (songs like yours)

°

+ 20% New releases in your genres

o

+ 20% Social (what friends listen to)

Example 4: TikTok (The King!)

What they use: Engagement prediction model (ML-based)

How it works:

For each video, predict:

- Will user watch to the end? (Completion rate)
- Will user like it?

- Will user comment?

- Will user share?

- Will user follow creator?

Score =
(10 x Completion prediction) +
(5 x Like prediction) +
(8 x Comment prediction) +
(12 x Share prediction) +

(15 x Follow prediction)

Show videos with highest predicted score!

Features considered:

Video features:
- Category/hashtags
- Music used

Duration

Captions



User features:

- Past liked categories
- Watch time patterns

- Engagement history

- Language preference

Interaction features:
- Time of day
- Device type

- Network speed

Why it's so addictive:

e Optimizes for ENGAGEMENT, not just relevance
e Learns quickly (every swipe teaches the algorithm)
e Heavy personalization (your feed is unique)

? Chapter 5: Common Formulas
Reference

1. Weighted Score (Most Common in Practice!)

Final Score = ¥(Weight i x Score i)

Example (E-commerce):
Product Score =

0.35 x Social Score) +
0.25 x Engagement Score) +
0

0
0

(0.
(0.
(0.20 x Personalization Score) +
(0.15 x Recency Score) +

(0.05 x Quality Score)

Each component score is 0-100, normalized

2. Recency Decay



Recency Score = Base Score x e™(-A x time)

Where:
A (lambda) = decay rate (how fast score decreases)
time = hours/days since creation

e = 2.71828 (natural logarithm base)

Example:

Base score = 100

A =0.1 (slow decay)

After 24 hours: 100 x e”(-0.1 x 24) = 100 x 0.091 = 9.1

Interpretation: 0ld content gets much lower score

Simpler Alternative (Step Function):

IF age < 1 hour: Score = 100

ELSE IF age < 6 hours: Score = 80
ELSE IF age < 24 hours: Score = 50
ELSE IF age < 7 days: Score = 20
ELSE: Score =5

3. Engagement Rate

Engagement Rate =

(Likes + Comments + Shares) / Views
Example:
Video: 10,000 views, 500 likes, 50 comments, 30 shares

Engagement = (500 + 50 + 30) / 10,000 = 0.058 = 5.8%

Good engagement: > 5%

Viral content: > 15%

4. Click-Through Rate (CTR)



CTR = Clicks / Impressions

Example:

Product shown 1000 times
Clicked 50 times

CTR = 50/1000 = 0.05 = 5%

Use CTR to rank items:

Higher CTR = Better recommendation

5. Conversion Rate

Conversion Rate = Purchases / Clicks

Example:
Product clicked 100 times
Purchased 10 times

Conversion = 10/100 = 10%

Ultimate metric: Did recommendation lead to action?

? Chapter 6. Choosing the Right
System

Decision Framework

Use Content-Based When:

e [] Items have rich descriptions

e [] Few users (cold start)

e [] Need to explain recommendations
e [] Items change frequently

Examples: News articles, blog posts, jobs

Use Collaborative Filtering When:



e [] Lots of user interaction data

e [] Items don't have clear features

e [] Want to discover unexpected items
e [] Users have diverse tastes

Examples: Movies, music, products

Use Hybrid When:

e [] You have both item features AND user data
e [] Want best of both worlds

e [] Can handle complexity

e [] Need to solve cold start

Examples: E-commerce (like Amazon), streaming (like Netflix)

Use Social/Graph-Based When:

e [] Platform has social connections
e [] Social proof matters

e [] Viral/trending important

e [] Community-driven

Examples: Social commerce, TikTok, Instagram Shopping

? Chapter 7: Learning Resources

Books (No Code!)

1. "Recommendation Systems: The Textbook" by Charu Aggarwal

e Comprehensive coverage

e Mathematical explanations

e Theory + Practice

e [[]Best for deep understanding

2. "Practical Recommender Systems" by Kim Falk

Real-world examples
Less math, more intuition
Case studies

[1] Best for beginners



3. "Programming Collective Intelligence" by Toby Segaran

Intuitive explanations

Simple examples

Practical algorithms

[1] Best for implementation ideas

Online Courses

1. Coursera: "Recommender Systems" by University of Minnesota

e Free to audit

e Video lectures

e Covers all types

e [J] Best structured course

2. YouTube: "StatQuest with Josh Starmer"

e Amazing explanations

e Visual animations

e Covers collaborative filtering, PCA, SVD
e [J] Best for visual learners

3. Google's Machine Learning Crash Course

Section on recommendations
Interactive examples

Free and well-designed

[T] Best for ML context

Papers (Foundational)

1. "Amazon.com Recommendations: Item-to-ltem Collaborative Filtering"

e How Amazon does it
e Industry standard

e Very readable

e []] Must-read!

2. "The Netflix Prize" papers

Competition that advanced the field
e Matrix factorization explained
Real-world constraints

(1] Historical importance



3. "BPR: Bayesian Personalized Ranking"

Modern ranking approach

Implicit feedback (views, not ratings)
Used by many companies

[I] Advanced but important

Websites

1. Towards Data Science (Medium)

Blog posts explaining concepts
Real-world case studies
Beginner to advanced

[T] Free with email

2. Papers With Code

e Research papers + implementations
e See state-of-the-art methods

e Compare approaches

e [T] Great for staying current

3. Google Research Blog

e How Google does recommendations
e YouTube algorithm explanations

e Cutting-edge research

e [T] Straight from the source

? Chapter 8: Working Example (No
Code!)

Scenario: Recommend Products for Alice

Alice's History:

Bought: iPhone ($999), AirPods ($199), MacBook ($1299)
Viewed: iPad, Apple Watch, iPhone Case

Searched: "wireless earbuds", "laptop accessories"



Budget range: $150-1500

Available Products:

1. Apple Watch ($399)

2. iPad ($329)

3. Samsung Phone ($899)

4. Laptop Stand ($49)

5. Wireless Keyboard ($129)
6. iPhone Case ($29)

7. AirPods Pro ($249)

Method 1: Content-Based Scoring

Step 1: Define Item Features

Apple Watch:

- Brand: Apple (1)

- Category: Electronics (1)

- Price Range: Mid ($399 in her range [J)
- Compatibility: iPhone (1)

Samsung Phone:
- Brand: Samsung (0 - she buys Apple)
- Category: Electronics (1)

Price Range: High ($899 [1)
- Compatibility: Android (0)

Step 2: Calculate Similarity

Apple Watch vs Alice's preferences:

Brand match: 100% (all Apple)

Category match: 100% (all electronics)

Price match: 80% (slightly lower than average)

Compatibility: 100% (has iPhone)

Similarity Score = (100 + 100 + 80 + 100) / 4 = 95%

Samsung Phone:



Brand match: 0%
Category match: 100%
Price match: 90%

Compatibility: 0%

Similarity Score = (0 + 100 + 90 + 0) / 4 = 47.5%

Ranking:

Apple Watch (95%)
AirPods Pro (92%)

iPad (88%)

Samsung Phone (47.5%)

P wWwhH

Method 2: Collaborative Filtering

Step 1: Find Similar Users
Alice bought: [iPhone, AirPods, MacBook]

Bob bought: [iPhone, AirPods, MacBook, Apple Watch]

Similarity: 3/3 common items = 100% overlap!

Carol bought: [iPhone, Samsung Phone, Android Tablet]

Similarity: 1/3 common items = 33% overlap

Dan bought: [Dell Laptop, Android Phone]

Similarity: 0/3 common items = 0% overlap

Step 2: Recommend What Similar Users Bought

Bob (100% similar) also bought:

- Apple Watch [J Strong recommendation!

Carol (33% similar) also bought:

- Samsung Phone [] Weak recommendation

Dan (0% similar):

- Ignore his purchases



Ranking:

1. Apple Watch (Bob recommends, 100% similarity)
2. iPad (viewed but not bought - weaker signal)

Method 3: Hybrid Approach (Best!)

Combine Both Methods:

Apple Watch:

- Content similarity: 95%

- Collaborative: 100% (Bob bought it)

- Final: (0.5 x 95) + (0.5 x 100) = 97.5 ]

iPad:
- Content similarity: 88%
- Collaborative: 50% (Alice viewed, no strong signal)

- Fipal: (0.5 x 88) + (0.5 x 50) = 69

Samsung Phone:
- Content similarity: 47.5%
- Collaborative: 33% (Carol bought, low similarity)

- Final: (0.5 x 47.5) + (0.5 x 33) = 40.25
Final Ranking:

Apple Watch (97.5) « Recommend this!
AirPods Pro (92)

iPad (69)

Wireless Keyboard (55)

Samsung Phone (40.25)

e whH

Adding More Factors

Recency Boost:

Apple Watch: Released 2 months ago - +5 points
iPad: Released 6 months ago - +3 points

Samsung Phone: Released 2 years ago - +0 points



Updated scores:

1. Apple Watch (102.5)
2. AirPods Pro (92)

3. iPad (72)

Social Proof:

Apple Watch: 4.8 stars, 10,000 reviews - +8 points
iPad: 4.7 stars, 8,000 reviews - +7 points

Samsung Phone: 4.5 stars, 5,000 reviews - +5 points

Final scores:

1. Apple Watch (110.5) 00O
2. AirPods Pro (92)

3. iPad (79)

? Key Takeaways

The Golden Rules

1. Simple Often Wins

e Don't need complex ML for good recommendations
e Weighted scoring can be 80% as effective
e Start simple, add complexity only if needed

2. Context Matters

e Social platform = Use social signals heavily
e E-commerce — Use purchase history + collaborative
e Content platform —» Use engagement metrics

3. Multiple Signals Are Better

e Combine content + collaborative + social + popularity
e No single method is perfect
e Hybrid approaches work best in practice

4. Measure What Matters

e Track engagement, conversion, retention



e A/B test different approaches
e Optimize for business goals, not just accuracy

5. Cold Start Is Hard

e New users: Use popular items + content-based
e New items: Use content-based + social proof
e Have fallback strategies

? Summary Cheat Sheet

Recommendation Method Picker

Have item features? - Content-Based
Have user behavior data? - Collaborative

Have both? - Hybrid [

Social platform? - Add social signals
Need explainability? - Content-Based

Want serendipity? - Collaborative

Cold start problem? - Content-Based first,

then Collaborative

Popular approach: Weighted Hybrid
= (Weight x Content) + (Weight x Collab) +
(Weight x Social) + (Weight x Recency)

You now understand recommendation systems from first principles! [T]
Next steps:

1. Re-read sections that were unclear

2. Draw diagrams to visualize concepts

3. Work through more examples on paper
4. Apply to your Nexgate platform design

Remember: The best recommendation system is one that works for YOUR specific use case and
users! [T]
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