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Definition of a Recommender System 

A recommender system is any system that produces  
individualized recommendations as output or has the effect of guiding 

the user in a personalized way to interesting or useful objects in a  
large space of possible options 

(Burke, 2002) 

 
A recommender system is a software capable of suggesting interesting 

things to its users after learning their preferences over time 
 

(Jennach & al, 2010) 
 

 
Let C be the set of all users and let S be the set of all items.  

Let u be a utility function that measures the usefulness of item s to user 
c, i.e. u : C × S → R, where R is a totally ordered set. Then, for each 
user c we want to choose an item s that maximizes the user‘s utility 

 
(Adomavicius & Tuzhilin, 2005) 
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Diametric Purposes of Recommender Systems 

1.  Customer Perspective: 
 
Help users cope with the information overload problem 

2.  Business Perspective: 
 
Provide companies with a effective way to drive more sales or 
increase the level of engagement of the services they offer. 
 
Promises of recommendation engine vendors: 

-  300% revenue increase 
-  150% higher conversion rate 
-    50% higher average order value  

 
Survey from 2010 consulted Avail Intelligence, Baynote, Certona, Adobe, RichRelevance (Aldrich, 2011) 
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Internet vs. Recommendation Systems Trends 
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mendation approaches, online news also popular-
ized different forms of recommender systems. Ini-
tially, Findory offered a personalized news service
utilizing content-based collaborative !ltering tech-
niques for news story recommendation (!gure 3).
However, online news sites such as Digg, Reddit,
and Hacker News soon became the more popular
means for !nding relevant news. Instead of more
personalized recommender algorithms, stories
were promoted and recommended primarily by
global popularity trends. 

In 2006 Strands organized a summer school on
the “Present and Future of Recommender Systems”
that brought together researchers, practitioners,
and students. Building on its success, the Associa-
tion for Computing Machinery (ACM) recom-
mender systems conference “RecSys” was estab-
lished, held in Minneapolis (2007), Lausanne
(2008), New York (2009), Barcelona (2010), and
Chicago (2011) underway. Collaborative !ltering
has been the method underlying most recom-
mender systems studies, as can be seen in the
weighted tag cloud visualization in !gure 4. 

While research on algorithms has captured most
of the attention for recommender system studies,
the rise of social networking indicated that simply

keeping tabs on your friends’ listening, watching,
and reading habits is a more natural way to keep
informed of the latest trends. Undirected word-of-
mouth suggestions were automatically transmitted
through systems like Facebook’s News Feed with-
out algorithmic processing but embedded in a con-
venient interface. 

At the end of 2006, Netflix challenged the world
to improve the accuracy of its movie recommen-
dation system by 10 percent. It created a contest
that brought lots of attention to recommender sys-
tems, not just for the $1,000,000 prize, but for the
fact that a popular service like Netflix was willing
to invest in such an exotic scheme just to improve
the quality of its recommender service. In 2009 the
BellKor “Pragmatic Chaos” team won the contest
(Töscher, Jahrer, and Bell 2009). Their efforts may
have set the bar for a best-in-class recommenda-
tion algorithm for movies, but practitioners have
noted that algorithmic precision is just one of
many factors that affect a user’s adoption of a rec-
ommendation, and other issues such as interface
design, long-term performance evaluation, or con-
text-awareness are also prominent parts of a rec-
ommender system outcome. 

A number of companies saw the opportunity
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Recommender System Paradigms 

1.  Content-Based Recommender Systems  
 

-  Recommend items similar to those a user has liked in the past 

-  Information structure: item-to-item association 

2.  Collaborative Recommender Systems  

-  Identify users whose preferences are similar to those of the 
given user and recommend items they have liked. 

-  Information structure: user-to-user and user-to-item association 

3.  Hybrid Recommender Systems 

-  Combine advantages and reduce drawbacks of both worlds 
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Input for Content-Based Recommendations 

Start from attributed data (relational structure) such as 

 

or from a Vector Space Model such as 
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326 M.J. Pazzani and D. Billsus 

the strengths and weaknesses of content-based recommendation systems, and direc-

tions for future research and development. 

10.1.1  Item Representation 

Items that can be recommended to the user are often stored in a database table. Table 
10.1 shows a simple database with records (i.e., “rows”) that describe three restau-
rants. The column names (e.g., Cuisine or Service) are properties of restaurants. These 
properties are also called “attributes,” “characteristics,” “fields,” or “variables” in 
different publications. Each record contains a value for each attribute. A unique iden-
tifier, ID in Table 10.1, allows items with the same name to be distinguished and 
serves as a key to retrieve the other attributes of the record. 

Table 10.1. A restaurant database 

ID Name Cuisine Service Cost 

10001 Mike’s Pizza Italian Counter Low 
10002 Chris’s Cafe French Table Medium 
10003 Jacques Bistro French Table High 
 

The database depicted in Table 10.1 could be used to drive a web site that lists and 
recommends restaurants. This is an example of structured data in which there is a 
small number of attributes, each item is described by the same set of attributes, and 
there is a known set of values that the attributes may have. In this case, many machine 
learning algorithms may be used to learn a user profile, or a menu interface can easily 
be created to allow a user to create a profile. The next section of this chapter discusses 
several approaches to creating a user profile from structured data. 

Of course, a web page typically has more information than is shown in Table 10.1, 
such as a text description of the restaurant, a restaurant review, or even a menu. These 
may easily be stored as additional fields in the database and a web page can be cre-
ated with templates to display the text fields (as well as the structured data). However, 
free text data creates a number of complications when learning a user profile. For exam-
ple, a profile might indicate that there is an 80% probability that a particular user would 
like a French restaurant. This might be added to the profile because a user gave a posi-
tive review of four out of five French restaurants. However, unrestricted text fields are 
typically unique and there would be no opportunity to provide feedback on five restau-
rants described as “A charming café with attentive staff overlooking the river.” 

An extreme example of unstructured data may occur in news articles. Table 10.2 
shows an example of a part of a news article. The entire article can be treated as a 
large unrestricted text field. 

Table 10.2. Part of a newspaper article 

Lawmakers Fine-Tuning Energy Plan  

SACRAMENTO, Calif. -- With California's energy reserves remaining all but de-

pleted, lawmakers prepared to work through the weekend fine-tuning a plan Gov. 

Gray Davis says will put the state in the power business for "a long time to come." 

The proposal involves partially taking over California's two largest utilities and sign-

ing long-term contracts of up to 10 years to buy electricity from wholesalers. 

Leisure Sport Culture 

Guided City Tour 0.3 0.6 0.8 

Early Bird Meal  0.8 0.1 0.1 

Museum 0.6 0 1.0 



User Profile for Content-Based Recommendations 

A content-based recommender learns a user profile  
 

-  Users communicate explicit preferences 

-  Users rate product attribute values 
 
-  Systems create profiles from extracted (implicit) preferences  
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Weighted Similarity Approach 

-  User profiles are interpreted as idealized, virtual product specific 
to the current user 

-  We compare all products in the catalogue with the profile using a  
weighted similarity metric (e.g. cosine similarity for vector space 
model) and create a ranking 

 

 
-  In a relevance feedback loop user feedback on presented 

recommendations is used to enrich / improve user profiles  
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Other Content-Based Recommendation Approaches 
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-  Other approaches exist for content-based recommendations 
such as decision trees or Bayesian classifiers 

-  But scalability is worse than with weighted similarity 



Advantages of Content-Based Recommendation 

1.  User Independence:  
A user’s profile is built only from her own ratings 

2.  Transparency:  
Computed recommendations can be explained (to clients or 
users) by unveiling the relevant attribute values 

3.  New items: 
Content-based recommender systems can recommend new 
items (not yet rated by any user) right from the beginning 
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Disadvantages of Content-Based Recommendation 

1.  Limited Content Analysis: 
Recommendations are computed based on attribute values, but 
the attributes do not necessarily reflect how users decide.  

2.  Overspecialization: 
Content-based recommender systems will never find anything 
unexpected or novel. Recommended products must score highly 
against the profile, and the latter has been created from the 
user’s own shopping history.   

3.  New User: 
Lots of ratings must be collected before we can produce decent 
recommendations for a new user. In other words, the profile has 
to be learned first. 

12 



Collaborative Recommendations 

- Recommendations are obtained from opinions of other users   
→  computerized process of word to mouth 

- Hypothesis: A set of users, who liked the same items in the  
past, probably share the same preferences 

-  Thus, picking a user from this set, we can suggest her all the 
unseen items the other members of this set liked in the past 

-  Profiles are represented as a user-item matrix where each cell  
(u,i) corresponds to a rating of user u for item i 

-  An algorithm identifies for each user the set of nearest neighbours  

-  Products are recommended that many nearest neighbours liked 
but the current user has not yet rated or purchased 
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Advantages of Collaborative Recommendation 

1.  Cross-Category Recommendations:  
Products from different categories can be recommended 
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Disadvantages of Collaborative Recommendation 

1.  Many people must participate: 
No nearest neighbours are found in too sparse matrices 

2.  New User Problem: 
System must first learn the preference of a user from her ratings 

 
3.  New Item Problem: 

Many users must rate new items before they can be recommended 
 
4.  Grey Sheep Problem: 

Users with unusual taste do not get accurate recommendations 

5.  Scalability Problem: 
Collaborative Recommendation Engines need a lot of resources 

15 



Hybrid Recommender Systems 

Simple strategies for combining 2 or more recommender algorithms: 

1.  Weighted Approach 
Each recommendation method computes a score for every item. 
Combination of scores leads to final ranking. 

2.  Mixed Approach 
Results of different methods are presented to the user. 

3.  Cascade Approach 
One recommender methods refines the result of another method. 

4.  Switching Approach 
Online shops may use different methods at different places 
 

 
A more sophisticated example is Amazon’s recommender system … 
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The Amazon Recommender Algorithm 1 

-  The hybrid recommender algorithm used by Amazon is called  
item-to-item collaborative filtering 

 
-  This algorithm exploits that some items are often purchased 

together – it builds a similar-items table as follows 

17 

For each item I1 in product catalogue  
  For each user U who purchased I1 
    For each item I2 purchased by user U 
      Record that a user purchased I1 and I2 
    end 
  end 
  For each item I2 
    Compute the similarity between I1 and I2 
  end 
end 

 



The Amazon Recommender Algorithm 2 
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-  The cosine similarity measure is used 

-  This offline computation of the similar-items table is extremely  
time-intensive with O(N2M) as worst case for N items and M users 

- However, because most users only have a few purchases, 
complexity is in practice closer to O(NM) 

- Based on the similar-items table, the algorithm finds items similar 
to each of the user’s purchases and ratings, aggregates those 
items, and recommends the most popular or correlated.  

-  This online computation is very quick, depending only on the 
number of items the user purchased or rated 



How to Counteract the Cold Start Problem 

-  Content-based recommendation systems suffer from the new 
user problem 

-  Collaborative recommender systems suffer from both the new 
user and the new item problem 

-  Not surprisingly, the new item problem can successfully be 
addressed with hybridization, but not the new user problem 

-  The new user problem also occurs with anonym website visitors 

-  Counteracting the new user problem is possible if  

-  users are willing to state their preferences explicitly  

-  we have access to additional (e.g. demographic) data sources 
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Demographic Recommender Systems 

-  Aim to categorize users starting from personal attributes 

-  Thanks to Facebook, Twitter, address dealers, website crawlers,  
etc. demographic data sources are abundant 

-  From such data sources demographic classes are built using 
machine learning techniques (see clustering) 

-  For a new user without rating or shopping history we determine 
her demographic class and provide recommendations of products 
that other people in this class liked. 

20 



Spiegel Online 14.05.14 
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We are living in a Small World 
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Three Waves of Recommender Technology 

23 

mendation approaches, online news also popular-
ized different forms of recommender systems. Ini-
tially, Findory offered a personalized news service
utilizing content-based collaborative !ltering tech-
niques for news story recommendation (!gure 3).
However, online news sites such as Digg, Reddit,
and Hacker News soon became the more popular
means for !nding relevant news. Instead of more
personalized recommender algorithms, stories
were promoted and recommended primarily by
global popularity trends. 

In 2006 Strands organized a summer school on
the “Present and Future of Recommender Systems”
that brought together researchers, practitioners,
and students. Building on its success, the Associa-
tion for Computing Machinery (ACM) recom-
mender systems conference “RecSys” was estab-
lished, held in Minneapolis (2007), Lausanne
(2008), New York (2009), Barcelona (2010), and
Chicago (2011) underway. Collaborative !ltering
has been the method underlying most recom-
mender systems studies, as can be seen in the
weighted tag cloud visualization in !gure 4. 

While research on algorithms has captured most
of the attention for recommender system studies,
the rise of social networking indicated that simply

keeping tabs on your friends’ listening, watching,
and reading habits is a more natural way to keep
informed of the latest trends. Undirected word-of-
mouth suggestions were automatically transmitted
through systems like Facebook’s News Feed with-
out algorithmic processing but embedded in a con-
venient interface. 

At the end of 2006, Netflix challenged the world
to improve the accuracy of its movie recommen-
dation system by 10 percent. It created a contest
that brought lots of attention to recommender sys-
tems, not just for the $1,000,000 prize, but for the
fact that a popular service like Netflix was willing
to invest in such an exotic scheme just to improve
the quality of its recommender service. In 2009 the
BellKor “Pragmatic Chaos” team won the contest
(Töscher, Jahrer, and Bell 2009). Their efforts may
have set the bar for a best-in-class recommenda-
tion algorithm for movies, but practitioners have
noted that algorithmic precision is just one of
many factors that affect a user’s adoption of a rec-
ommendation, and other issues such as interface
design, long-term performance evaluation, or con-
text-awareness are also prominent parts of a rec-
ommender system outcome. 

A number of companies saw the opportunity
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Some Lessons Learned during the 1st Wave 

1.  Last Mile Problem: Integration is much harder than it looks 
 
2.  In-house competition fiercer than market competition 

-  Recommendation as battle between IT and marketing 

-  Return-on-invest not immediately measurable 

 
3.  Do not solve everything online ! 

4.  Customer taste changes over time 

5.  Online shopping must be efficient → minimize explicit interactions 
 
6.  Cold Start Problem is a serious issue ! 
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Some Lessons Learned during the 2nd Wave 

1.  Hybridization solves many issues and wins contests too 

2.  Cold start can be overcome using social web data 
 
3.  SaaS reduces the burden of integration … 

… but at the price of loosing control over the collected data 
 
4.  User experience is often more important than algorithms 
 
5.  Integration with CRM is a pending subject 
 

You can buy hundreds of products from Amazon and Apple getting  
better and better recommendations, but unbelievably their customer  

care services do not know if you are a good or bad customer. 
 

(Martin et al, 2011) 
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Catalysts for the 3rd Wave 

-  One in every 5 people in the world owns a smartphone; one in every 17 
people owns a tablet (Dec. 2013) 

-  Mobile Commerce brings new levels of context awareness 

-  Geo location, NFC tags, eye tracking, gesture detection, skin tension measurement 

-  New trends (e.g. live shopping) and services 

-  For example, work out recommenders (e.g. Nike+), smart TV, ... 
 

-  Cloud and big data technology available:  

-  Processing (e.g. Amazon EC2) and storing costs are decreasing rapidly 

-  New computing paradigms (e.g. map reduce) 

-  New libraries and frameworks (e.g. Apache Mahout, Google Prediction) 
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Generic Picture of a Commercial Recommender System 
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Figure 1. Example of a Commercial Recommender System.

This diagram represents Certona’s Resonance recommendation platform, which is typical of commercial recommender systems in its high-
level architecture. The left column lists the recommendation engine’s data sources, which include current session context and actions; his-
toric data; and product catalog data. The middle column lists variables used by the recommendation engine: algorithms, business drivers,
and rules. The right column lists the types of content that might be recommended. Adapted from a diagram © 2010 Certona Corporation.
Reprinted with permission.

Commercial 
Recommendation Solutions

Commercially available recommendation solu-
tions all have similar compositions, as shown in
!gure 1. They also all have (1) proprietary recom-
mendation engines and their data, hosted by the
vendor; (2) services that receive and process bulk
client data (such as customer pro!les or order his-
tory, and store or website information such as the
catalog); (3) services that receive the visitor context
and requests, and return recommendations; (4)
user interfaces for business people (usually market-
ing departments) to analyze and optimize results,
add business rules, and control the recommenda-
tion engine; (5) rules engines, to allow clients to
set constraints; (6) A/B or multivariate testing to
verify how campaigns, business rules, and place-
ment affect results; (7) templates that describe and

organize recommendation strategies (for example,
a product page template and a category page tem-
plate); (8) reporting tools, with data exportable to
comma-separated value (CSV) !les; and, !nally, (9)
client care, provided by the vendor, to teach and
guide the client in optimum use of the recommen-
dation engine.

Commercial Recommendation 
Solutions in Action 
All the recommendation solutions I’ve reviewed
operate, at a high level, in a similar way. First they
gather information about all users’ interactions
with all content, using data sent by the “listener”
installed on each web page. They analyze and
model the current user’s activity. The listener data
is collected and analyzed by the recommendation
engine. Second, they obtain the user’s information
(online), usually through a cookie, or sometimes



Genealogy of Recommender Systems 
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