
Recommender systems and algorithms
Adaptive Decision Support Systems



Recommender systems

Basic architecture:


Input (“preference elicitation”)

Clicks, rating, attribute weighing, critiquing, demographics


Processing (“recommender algorithm”)

Knowledge-based, content-based, collaborative filtering


Output (“presentation”)

Overall recommendations, related items, re-ranked 
(search) results



Recommender systems

Today we focus on the processing part

The recommender algorithm


We will talk more about input and output later

Keep in mind, these are actually more important than the 
algorithm!



Recommender systems

Basic data sources:


Users

Each user may have several attributes (e.g. demographics)

We may have a user model for each user


Items

Each item may have several attributes (e.g. price)


Ratings

Where users and items come together (can be implicit!)



Non-algorithmic
Non-algorithmic solutions can work surprisingly well


Random items

Low quality, but high serendipity!


Sort by popularity (“global Top N”)

Easy and predictable, but can lead to supply chain 
problems!


Sort by attribute(s), filter by attribute(s) 

Supports non-compensatory decision-making



Knowledge-based
Knowledge-based recommenders provide hand-crafted 
recommendations


If(season = summer & user_age = 4 & user_gender = m) then 
recommend 4T_swimming_trunks


Pros and cons: 

Works really well in high-risk domains

Easy to mix user, context, system attributes

Manual effort; focused, detailed input required



Content-based
Multi-attribute utility theory (MAUT) recommenders


Idea comes from marketing / behavioral psychology

Each item has a (normalized) value on a number of 
attributes via

User assigns a weight to each attribute wua

The system calculates the utility of each item for this user:





Rank items by Uiu

Uiu = ∑ via ⋅ wua



Content-based

Pros and cons:

Works well when item space has well-defined attributes

More “compensatory” than attribute filtering / sorting


How do we get users’ attribute weights?

Ask them directly (difficult for domain novices)

Derive (average?) from liked products

Other methods: see lecture 9.1



Content-based

What if the items don’t have well-defined attributes?

Use item descriptions! Perform TF-IDF to extract 
important keywords

Perform cosine similarity with user-preferred keywords 
(either asked, or derived from liked items)



Collaborative filtering

i1 i2 i3 i4 i5 i6

u1 2 4

u2 2 3

u3 1

u4 5 2

u5 4 3

u6 1



User-user CF

Predict a rating by summing across all* other users’ ratings, 
weighted by similarity:


ru = average rating of a user (to accommodate rating styles)


wuv = weight (similarity between users u and v)


V = neighborhood (usually limited to k most similar users)



User-user CF

Pros and cons:

No user or item attributes needed

Sparsity: impossible to recommend to users with few 
(overlapping) ratings; items with no ratings won’t be 
recommended

Computationally intensive (but doable with some tricks)



Item-item CF

Compute pairwise item similarities

Fairly stable, so this doesn’t have to happen on the fly!


To predict a rating for an unrated item, compute a weighted 
sum of rated “item neighbors”


Can also do more heuristic methods, like computing 
neighbors of rated items and merging them 



Item-item CF

ri = average rating of an item


wij = weight (similarity between items i and j)


N = neighborhood (usually limited to k most similar items 
rated by user u)



Item-item CF

Pros and cons:

Works great if you have more users than items

Similarities can be pre-computed, low similarities can be 
discarded

Not just for users (also similar items, shopping cart, etc.)

Not for time-bound stuff (see context-based)

Usually not high in serendipity



Matrix Factorization

Idea: “preferences” are abstract mental concepts

Item ratings are not necessarily the best representation


Solution: extract latent features from the user-item rating 
matrix


Technique: dimensional reduction (e.g. singular value 
decomposition)



Matrix Factorization

Use SVD to decompose R into U S VT, truncate to k 
dimensions


Here, Uk contains the feature weights of the users and VkT 
contains the feature values of the items; Sk has the 
importance of each feature on the diagonal


Note: these features are latent (not real, like in content-
based methods!)



Matrix Factorization

The predicted rating for user u on item i is simply a 
summation over U S VT for all k factors


Note: usually the SVD is done after subtracting a baseline, 
so this must be added back



Matrix Factorization

Pros and cons:

Item representations can be pre-computed

Low storage requirement

Works well with sparsity

Difficult to explain

Model is hard to build (luckily this doesn’t have to be done 
at runtime; new data can be folded in: R V S-1 = U)



Hybrid algorithms

Problem: cold start — items or users with no (or few) ratings

Solution 1: Use behavior (clicks) rather than ratings


But ratings are a more explicit form of preference than clicks!

Solution: combine different input signals — both implicit 
and explicit feedback

Change their relative weight as ratings accumulate



Hybrid algorithms

Problem: cold start — items or users with no (or few) ratings

Solution 2: Use content (e.g. attributes) rather than ratings

Example: Item-item CBF — use content to calculate wij


Again, CF and CBF can be combined into a single 
algorithm



Hybrid algorithms
Netflix Prize: reduce the RMSE* of the CineMatch 
algorithm by 10% (from 0.9525 to 0.8572 or less)


SVD: 0.8914, RBM: 0.8990

A linear blend of the two: 0.88


Final solution: an ensemble of 104 predictors developed by 
multiple teams


Combined using a neural network (meta-learner)

Other ensemble solutions: pre-filtering and re-ranking



Hybrid algorithms

Hybrids in real-life systems:

Multiple recommendation lists created by different 
algorithms (some can be external, i.e. ads)

Product Overview

INNOVATION

Innovation comes standard in every Kamado Joe
grill.

VERSATILITY

Cooking possibilities are endless with our grills and
accessories.

FLAVOR

Nothing beats the flavor of charcoal grilling and
smoking.

PRODUCT FEATURES

AIR LIFT HINGE

Significantly reduces dome weight so you can lift
the lid with ease.

SLIDE-OUT ASH DRAWER

Simplifies cleanup and eliminates mess.

2-TIER DIVIDE & CONQUER

Cook different foods at various temperatures all at
once.

FIBERGLASS MESH GASKET

Oven-grade gasket with latch offers a superior air-
tight seal to lock in heat, smoke and moisture.

KONTROL TOWER TOP VENT

Maintain precise temperature and consistent
airflow.

AMP FIREBOX

Advanced Multi-Piece Firebox retains heat and
multiple pieces prevents breakage.
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(215) | Model # KJ23RHC

Kamado Joe Classic Joe II 18 in. Charcoal Grill in Red with Cart, Side
Shelves, Grate Gripper, and Ash Tool

$129900

View Product Details - +1

Created for elevating the charcoal grilling experience, this grill provides all the features of the
Classic Joe I grill, plus more to bring your grill game to the next level. For those who crave the
next level of innovation with features such as our Kontrol Tower Top Vent for precise
temperature control, and Air Lift hinge to easily lift the grill dome, this grill is ideal to master any
dish with convenience and ease. Elevate your charcoal grilling experience with Kamado Joe.

Additional Resources

From the Manufacturer

Sponsored Products

Compare Similar Kamado Grills

CURRENT PRODUCT
Best Seller

New

Brand Kamado Joe Kamado Joe Kamado Joe Kamado Joe

Name

Classic Joe II 18 in. 
Charcoal Grill in Red 
with Cart, Side Shelv
es, Grate Gripper, an
d Ash Tool

18 in. Classic Joe II Char
coal Grill in Blaze Red + 
Cover Bundle

Classic Joe III 18 in. Cha
rcoal Grill in Red with Ca
rt, Side Shelves, Grate G
ripper, and Ash Tool

Big Joe II 24 in. Charcoa
l Grill in Blaze Red Plus 
Cover Bundle

Price $129900 $132904 /bundle $199900 $201304 /bundle

Ratings (215) (62) (81) (17)

Grill/Smoker
Features

Adjustable Air Vents,
Heat Thermometer,L
ocking Lid/Door,Rem
ovable Ash Catcher,T
ool Holder

Adjustable Air Vents,Hea
t Thermometer,Locking L
id/Door,Removable Ash 
Catcher,Tool Holder

Adjustable Air Vents,Hea
t Thermometer,Locking L
id/Door,Removable Ash 
Catcher,Storage Rack,To
ol Holder

Adjustable Air Vents,Hea
t Thermometer,Locking L
id/Door,Removable Ash 
Catcher,Tool Holder

Accessories
Included

No Additional Items I
ncluded Grill Cover No Additional Items Inclu

ded Grill Cover

Front/Side
Shelf Folding Folding Folding Folding

Diameter
(in.) 18 18 18 24

Grill
Material Ceramic Ceramic Ceramic Ceramic

Fits No. of
Burgers 10 13 13 22

Assembly
Required Yes Yes Yes Yes

View Product View Product View Product View Product

Dimensions

Assembled Depth (in.) 28 in

Assembled Height (in.) 48 in

Assembled Width (in.) 46.5 in

Details

Accessories Included No Additional Items Included

Assembly Required Yes

Color Red

Diameter (in.) 18

Fits No. of Burgers 10

Front/Side Shelf Folding

Fuel Capacity (lb.) 6

Grill Color Family Red

Grill Grate/Surface Material Stainless Steel

Grill Material Ceramic

Grill Wheels Four

Grill/Smoker Category Kamado

Grill/Smoker Features Adjustable Air Vents,Heat Thermometer,Locking
Lid/Door,Removable Ash Catcher,Tool Holder

Grill/Smoker Fuel Type Charcoal

Ignition Type No Ignition System

Outdoor Living Product Type Charcoal/Wood Grill

Primary Cooking Space (sq. in) 250

Product Weight (lb.) 233 lb

Returnable 90-Day

Warranty / Certifications

Certifications and Listings No Certifications or Listings

Grate Warranty 2 Years

Overall Grill Warranty 2 Years
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Q:Q: Can the sides shelves and cart/stand be removed so this co…
by Jennifer | May 22, 2021

2 Answers

Q:Q: Can someone tell me what accessories come standard with…
by Jimster | May 15, 2021

1 Answer

Q:Q: When will this be back in stock?
by Meatman | Jun 10, 2020

1 Answer

Q:Q: Price match?
by VB | Apr 24, 2020

1 Answer
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Classic Joe III 18
in. Charcoal Grill in
Red with Cart,
Side Shelves,
Grate Gripper, and
Ash Tool
Our most innovative,
performance driven
ceramic
View More

24 in. Elite Series
XD702 Maxis
Ceramic Charcoal
Kamado in White
with Grill CoverNot only is this our
Largest grill, with

View More

Big Joe II 24 in.
Charcoal Grill in
Red with Cart,
Side Shelves,
Grate Gripper, and
Ash Tool
Cook with enough
space for a feast with
the
View More

18 in. Classic Joe
II Charcoal Grill in
Blaze Red + Cover
Bundle
Created for elevating
the charcoal grilling

View More

Home Outdoors Outdoor Cooking Grills Charcoal Grills/ / / /

Kamado Joe Classic Joe I 18
in. Charcoal Grill in Red with
Cart, Side Shelves, Grate
Gripper, and Ash Tool

(299)

$79999

Limit 5 per order

Add to Cart

Kamado Joe Kettle Joe 22 in.
Charcoal Grill in Red with
Hinged Lid, Cart, and Side
Shelves

(49)

$49900

Add to Cart

OKLAHOMA JOE'S Judge
Charcoal Smoker Grill in Black

(142)

$54900

Add to Cart

OKLAHOMA JOE'S
Charcoal Kettle Grill in Black

$329
Limit 5

!

Kamado Joe Classic Joe I 18
in. Charcoal Grill in Red with
Cart, Side Shelves, Grate
Gripper, and Ash Tool

(299)

$79999

Vision Grills 22 in. Kamado
Professional Ceramic Charcoal
Grill in Chili Red with Grill
Cover

(2055)

$79900 $879.00

Kamado Joe Classic Joe III
18 in. Charcoal Grill in Red
with Cart, Side Shelves, Grate
Gripper, and Ash Tool

(81)

$199900

Lifesmart
Ceramic Charcoal Grill in Blue
with Free Cover, Electric
Starter and Pizza Stone

$779

Top Rated Top Rated

!

Nexgrill 4-Burner Propane
Gas Grill in Black with Side
Burner and Stainless Steel
Main Lid

(3745)

+10

All Items (12) Grill Accessories (7) Grilling Fuels (1) Grills (4)

Kamado Joe
Classic Joe 18 in. Charcoal
Grill Cover in Black

(80)

$9999

Add to Cart

Kamado Joe
20 lb. Big Block XL Lump
Charcoal

(287)

$2999

Add to Cart

Kamado Joe
Classic Joe I 18 in. Charcoal
Grill in Red with Cart, Side
Shelves, Grate Gripper, and
Ash Tool (299)

$79999

Add to Cart

Kamado Joe
Fire Starters (24-Count)

$12

Kamado Joe
Fire Starters (24-Count)

(58)

$1299

Add to Cart

Kamado Joe
Half Moon Cast Iron
Reversible Grill Griddle for 18
in. Classic Joe

(20)

$6999

Add to Cart

Kamado Joe
iKamand Smart Temperature
Control and Monitoring Device
for Classic Grills in Black

(23)

$24999

Add to Cart

Kamado Joe
JoeTisserie Rotisserie Grill
Accessory for Classic Joe

$299

Shop This Collection from Kamado Joe (12)

Get Everything You Need (18)

TAKE ON THE SEASON Labor Day Savings in Every Aisle 

You're shopping

CLOSED until 6 am

Delivering to
29678Seneca,SC Search Cart | 0 items



Context-awareness
Problem: My taste in {music} depends on my {mood}


My interest in {restaurants} depends on my {location}


Solution: context-aware recommendations


Method 1: Filter or re-rank items based on the context

See also: personalized search results


Method 2: Create different user entries for different contexts

Use a blend of predictions to allow for multi-faceted 
contexts, e.g. R(U|Clemson,happy) = RU + R(U|Clemson) + R(U|happy)



Group recommenders

Problem: recommend a {restaurant} to a group of people

How to take multiple preferences into account?

Especially if they conflict?


Solutions:

Aggregate the predictions: majority voting, average rating, 
fairness “zipper”, least misery, most pleasure, average 
without misery

Concatenate the user models: concatenate the user data 
and use it to create a new user model



Group recommenders

Also possible: interactive solutions

e.g. critiquing


Careful with explanations

Social dynamics, privacy



Network-based
Idea: Leverage connections between people to inform the 
recommender


Example 1: limit the other users to “known” other users (social 
network)


Can help with explanation!


Example 2: use network distance as a trust measure

Can inform/replace calculation of wuv in user-user CF

Can also be used to weigh wij calculation in item-item CF



Evaluation
How to evaluate algorithms?



Evaluation

Offline vs. online

Offline: using a reference dataset

Online: with live users


Accuracy vs. other metrics

Accuracy: rating accuracy vs. ranking accuracy

Other metrics: diversity, serendipity, coverage, user 
experience*



Accuracy

Basic setup: cross-validation

Train the algorithm on a dataset, predict a hold-out set

Variants: folds, leave-one-out

Stratify by item frequency, user frequency?

Take time into account?


Keep in mind: training data may be based on a system that 
has a recommender already!


Persuasive effect of recommendation can bias the results



Rating accuracy

RMSE: √mean(ru,i - ru,i)2


Basic version gives users with a large profile (too much) 
more weight


In a real system, we only really care about good predictions

Being good at predicting the difference between 4 and 5 
stars is more useful than predicting 1 vs. 2 stars

But RMSE counts both errors equally!



Ranking accuracy

Tests the ability to rank top items in the correct order

Precision@n and recall@n

F1-measure

Mean Reciprocal Rank

NDCGk


AUCk


Think about fairness: is the accuracy evenly distributed?



Other metrics
Diversity: do users get recommendations that are diverse 
enough?


Check based on item (latent) attributes


Serendipity: are the recommendations surprising?

Novel (less-recommended) items


Coverage: is the entire item set recommended?

Shannon entropy, Gini index, coverage


User experience: next week!



Before we adjourn
A few things to do before Wednesday



Before we adjourn
Fill out the “Knowledge and preference pre-test” on Canvas!


We will use your answers in the group formation process


Install the following tools/packages on your machine for the 
hands-on tutorial:


Python 3 (and a Python environment manager)

node.js v16

NPM v8

React v18

NVM, latest stable build (optional)



Questions…


