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Creating Creativity: 

User lnterf aces for 
Supporting Innovation 

Ben Shneiderman 

11.1 Introduction 

People have long relied on technology for infom1ation preservation and dissemina­
tion. Ancient trader recorded contracts on clay tablets, religious scribes hand copied 
illuminated manuscripts on parchments, and Gutenberg applied his printing press to 
reproducing Bibles. Print media Jed to dramatic changes in society, and then modem 
broadcast media hook the world further with even more rapid and widespread dis­
semination. Today, even in remote locales, mo t people have een TV and heard radio. 
The World Wide Web is dramatically transforming ociety by providing greater user 
control and initiative. 
. But information preservation and dissemination are only the first two uses of
information technologies. A third application is rapid two-way communication among 
people at ever-greater speed and lower cost. Writing letters was a rare process among
the literate members of ancient ocieties, but making phone calls is now wide pread,
and sending e-mail is commonplace. 

A fourth use for information technologies is to support the creation of knowledge 
and art. Even into the twentieth century, scientists, inventors, novelists, and painters
were seen as specially gifted citizens whose rare creative productions were treasured.
�hotography shook lhe art world because it enabled the majority to produce striking
;:ages rapidly at low cost. Similarly, information technologies could _b� harnessed �o

ake creativity more common. Not every artwork, novel, photo, or d1gttal product 1 
creative, but facilitating broad access to powerful tools expands the potential. 

�
ACM. Adapled wilh permission from "Cre·iling Creativity: User lnlerfaces for Supporting lnnma-11on," AC . • ' • • h 2tXlO M Tmnmc11011J 011 Co111p11rer-l !11111a11 !11rerac11011, Vol. 7, No. I, Marc 
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. d 8 wsing Digital Libraries
11.s.1 Searching an ro 

. r·r • 11 resources but digital libraries provide drarn 1 . • • I l'b anes o 1er nc ' ' a tc c Trad1t1ona I r, • 1. 
0 brow ing, and filtering. Existing Web search �Pa-·i· • t1 t support earc 11110, cng, b1 it1es ,a • . f es could be much improved, and refinements to ne1and digital library rnter ac • �uPPon'bl s·tuati'onalist uc;ers who want to steer the search to re • • t are poss1 e. 1 ' sou re creat1, t y . • • k viii want more control over the relevance ranking ra esabout prcv1ou wor \J 1 • • • ' nge ofd th Presentation of the re. ults (Marc 110111111 1995; Koencrnann ource an e - 1 • h and. ' 96. Sh 'dennan ct al. l 997). For examp e, ll s ould be easy for us Belkin 19 , net , . . . ers to. 1 1 arc!, to recent cw York, New Jersey, or Connecticut court ca"e re mct a ega . e, . ' s on. ht ror heating The result . cl should be grouped by claims (civil righ tenant ng 1' ' • 

• h , , . . 15,• 1 1-011 etc) and ordered by date wit green or red stars indicating th contract v10 a 1 • • . . . estrenoth of the re. ult. for or against tenants. Extract101� of platnllff's or defendant'slawy;r . hould al.o be conven!cnt. �his -�ay sound like ,� t��I o:der, b�t detailedearch reque. t specification while ma111tam111g comprchens1btl1ty 1s possible. Sinceearching i part of a larger creative process, the_ result set �hould be easy to �ave intoa pread heel for furilier manipulation, include m an e-matl note for comultation, orpaste into a notebook for later referral. . . . . In addition to earching, inspirational• ts will want rapid browsmg to more effec­tively upport exploration, similar to what many people do in bookstores or physicallibrarie . Web ite witl, high branching factors (many links per page) support ex­ploration by making what is available more visible. Yahoo's (www.yahoo.com) 2()()-l­links on tl,e home page are helpful in getting an idea of what is available and what is not.Browsing textual menus supports exploration when specific terms or concepts are notknown, but varying interpretations of category names still result in user confusion. 

11.5.2 Consulting with Peers and Mentors 

E-mail, listservs, newsgroups, and ilireaded discussions are excellent a ynchronou tools for situationalists' inquiries about previous work and for di cussing new ideas.The capacity to find people who have a shared interest and are at work on similarproblems is one of the greatest gifts of ilie Internet. Synchronous tools, such a phonecalls, videoconferencing, and software sharing (for example, Netmeeting), enrich thepossibilities for early, middle, and late stage consultations (Olson and Olson 1997). For early stage consultations, innovators are likely to search widely, finding diver5einformation resources and broad communities. At this preparatory stage, innovatorsare forming questions, finding out about current worker who might be collaborator•and ch_oosing directions. During middle stage consultations, the tasks are to proposepotential solution strategies and develop evaluation method . As olution are createdand refined, late stage consultations are directed at confirmino the innovation, refin·. . 0 . mg •_t to accommodate criticisms, and ilien disseminating it to appropriate partte (National Research Council 1993 ). 
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Beyond Recommender 
systems: Helping People 
Help Each Other 

Loren Terveen 

Will Hill 

22.1 Introduction 

22 

The new millennium i an age of information abundance. T he 1990s have seen an 
explosion of information and entertainment technologies, and thus of choices a per-
on faces. People may choose from dozens to hundreds of television channels, thou­

sand of, ideo . million of books, CDs, and multimedia, interactive documents on 
the World Wide Web, and seemingly countless other consumer items presented in 
catalogs or advertisements in one medium or another. The Web in particular offers 
myriad possibilities-in addition to interactive documents, there are conversations to 

join and items to purchase. Not only is there a vast number of possibilities, but they 

\'ary widely in quality. Evaluating all these alternatives, however, still takes about the 
same time and effort it always has. Our attention remains as it was-the information 

explosion has not been accompanied by a leap in human evolution. Therefore, indi­
viduals cannot hope to evaluate all available choices by themselves unless the topic 
of interest is severely constrained. 

So what can we do? When people have to make a choice without any personal 

knowledge of the alternatives, a natural course of action is to rely on the experience 

and opinions of others. We seek recommendations from people who are familiar with 

the choices we face, who have been helpful in the past, whose perspectives we value, 

or who are recognized experts. We might tum to friends or colleagues, the owner of a 

neighborhood bookstore, movie reviews in a newspaper or magazine, or Consumers 

Union product ratings. And we may find the social process of meeting and conversing 
with people who share our interests as important as the recommendations we receive.

Today increasing numbers of people are turning to computational recommender
systems. Emerging in response to the technological possibilities and human needs

487 



488 CHAPTER 22 Beyond Recommender Systems 

created by the World Wide Web, these system� aim lo mediate. support. or automate
the everyday procCS'- of sharing recommendallon>

We explore the field of recommender systems in the remamdcr of th1-, chapter. The
main goal is to identify challenges and suggest new opportunities. We begin by devel­
oping a conceptual framework for thin�ing abOL�t rcc?'.11mcnc.ler systems that builds on
c,eryda) examples of rcco111111enc.lat1on and 1dcnt_tf1cs basic c_o�cepls and design
issues. The bulk. of this chapter is devoted to survey mg several d1st111ct approaches to
recommender systems anc.l analy1ing them in terms of the design issues they address
and how they do so. Finally, we suggest a number of challenges and opportunities for 
new re. earch and applications. Two main challenges arc (I) assisting people in form­
ing communitie. of interest while respecting privacy concerns and (2) developing rec­
ommendation algorithms that combine multiple types of info, mation. 

22.2 Recommendation: Examples and Concepts 

Everyone can bring to minc.l examples of recommendation. You might think of read­
ing mo, 1c reviews in a 111aga1inc to c.lccide which movie to see. Or you might recall 
vi�its to your local bookstore, where you've talked Lo the owner about your interests 
and current mood, and !->he then recommended a few books you'd probably like. 
Finally. you might remember walking through your neighborhood and noticing that a 
particular sidewalk cafc is always crowded. You think that its popularity must be a 
good sign, so you decide to give it a try. 

Reflecting on these examples helps to clarify the concept of recommendation. A 
person is faced with a decision, which for our purposes is a choice among a universe of 
alternatives. The universe typically is quite large, and the person probably doesn't even 
know what all the alternatives arc, Jet alone how to choose among them.1 If the person
doesn't have sufficient personal knowledge to make the choice, he or she may seek rec­
ommendations from others. Recommendation, therefore, is a communicative act. 

Recommendation is based on the preferences of the recommender (and perhaps of 
the seeker and other individuals). For our purposes, a preference is an individual mental 
state concerning a subset of items from the universe of alternatives. Individuals form 
preferences based on their experience with the relevant items, uch a listening to 
music, watching movies. tasting food, and so on. For example. I might prefer vanilla or 
strawberry ice cream (among ice cream flavors); Bach, Mozart, and Haydn (among 
classical composers); and Joel Coen and Kevin Smith (among contemporary film 
directors). Of course, preferences can be more complicated: I might prefer one item 
over another (The Simpsons over The X-Files) or even think in terms of ome scoring 
system ("On a scale of 1 to l 0, Bob Dylan's 'Highway 61 Revisited' is a IO"). 

1�ome re�earch�rs h_ave characteriLed a user's path through a space of altcrnati\es as a proccs, of nm·iga-
11011. Social Nal'tga1101� of biform�lion Space, ediled by Munro. Hool-, and Ben) on ( 1999), collecis a set of 
papers wrmen from th1& perspecuve. Dourish\ chapter ( 1999) discusses the navigation mclaphor clearly. 
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Commendation may be directed Lo specific indiviclual. "b A re s or roadcast" t 
·h , interested. For the person who receives it a rec d . < 0

. 
any-

e ,� o. . , om men atIon is a re on 
I in making a choice from the universe of al tern at' . Tl 

source 
wat h ep . h . , ives. ie recommendation 

a view or filter onto t e "-hole, often maccessible • sef\'CS a. . . , , ' universe. A recommenda-
•. ay be ba. ed not JU St on the I cc om mender s preferences h t 1 uon 01 . . 

F , . • u a ,o on those of the
n1niendaLJon .ecker. or example, m recommending books to 1. . 

reco •1 f 
, you , might find 

t "hich genre you hl'l.c ( or example, science fiction) and even wl . h b k ou . f'k R • , . ' llC 00 S 

U\:e really enJoyed ( 1 e oh1mon s Mars trilogy). I then can reco 1 d b k )O . • • I1men oo s 
th tare both good (111 my op1111on) and will meet your prefereiice' 1 e 

• 
a .,. ven can recom-

mend boOk ba.ed on the preferences of others. Maybe 1·111 not a science fiction fan 
i. .. 11 ha,e friend. who arc,. o I can make recommendations ba<,ed on what th l'k • 
vu . 1 . 1 

ey I e. 
Further, I may put) �u m touc 1 wit 1 �cop�e who share your interests. Maybe there's a

ience fiction read mg gro_up you might like to join. Finally, a recommendation may
include explanatory n�atenal thu� helps the recommendation seeker evaluate it (why
)ou'd like the.Mars tnlogy, what '- good about The Simpsons, and why it's better than
The X-Files).

22.3 A Model of the Recommendation Process 

Figure 22. l ummarize the e concepts and situates them in a general model of rec­
ommendation. A recommendation eeker may ask for a recommendation, or a rec­
ommender may produce recommendations with no prompting. Seekers may 
volunteer their O\m preferences, or recommenders may ask about them. Based on a 
se1ofknown preferences-his/her own, the seeker's, and those of other people, often 
people who received recommendations in the past-the recommender recommends 
items the seeker probably will like. In addition, the recommender may identify 

flGUREU 

Universe of 

Alternatives 

1-- - - - resource for interacting with -- - --

I 

Request I prefs Recommender

.,.... ____ (based on preferences and

similarity of interests) 

I 

Preference 

Provider 

I 
I 

1 t 'th ------• 
----------------- May choose tolnterac w1 -------

• 1 Model of the recommendation process
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people with similar interests. Th� seeke: m�y use _the recommendation to select items
from the universe or to commu111cate with l1ke-1mnded others. 

This model is intended to be general enough to cover a broad range of recommen­
dation activities. Real activities may vary significantly; in particular, they may not
instantiate some aspects of the model. For example, movie reviewers publish their
reviews ba ed on tJ,eir own preference , without any specific knowledge of reader
preferences or explicit reque. ts. In a case like the cro"".ds at the sidewalk cafe exam.
pie, the recommendation activity i�self ma� �eem to disappear. The preferences of a
group of people (tJ,e diners) are directly v1s1ble to �II who pass

_ by and thus can be
u ed to elect restaurant. to visit. (A we shall see, 111 computational analogues, the
recommender can't quite di. appear. Computation plays a vital, though perhaps hid­
den, role in making preference� visible.) Sometimes seekers aren't interested in com­

munication with others-all they want is a good book to read-while in other cases.
iliat's tJ1e whole point. Finally, the structure and content of recommendations vary
from quite complex like the movie reviews in E11tertai11111e111 Weekly that consist of a
few hundred word. of text, a letLer grade, and sometimes ratings on specific features 
such as "language," "violence," and "nudity)" to quite simple (a I ist of recommended 
movie .) 

22.3.1 Issues for Computational Recommender Systems 

A computationaJ recommender system automates or supports part of the recommen­
dation proces . An automated recommender system assumes the recommender role: 
It offers recommendations to users based on their preferences (and perhaps also 
based on ilie preferences of other people). A recommendation support system makes 
it easier for people to create and share recommendations. 

We can identify four main issues to characterize the design space for recom­
mender systems. The issues concern preferences, roles and communication, algo­
rithms, and human-computer interaction. We introduce each briefly at this point. 

22.3.1.1 Preferences 

Recommendation is based on preferences. Thus, an automated recommender system 
must obtain preferences from people concerning ilie relevant domain. This raises a 
number of questions. 

• Whose preferences are used? Those of the person seeking the recommen­
dation? Those of previous users of ilie system? Or perhaps the preferences
expressed by people in an altogeilier different context, such as a public
forum (such as a chat room, bulletin board, or newsgroup)?

• How are preferences obtained? For example, do recommendation users
have to expre�s their own preferences as part of the process of seeking a
re�ommendat1on? Are preferences expressed explicitly or implicitly (as
with the popular restaurant example)?
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1 Whal incentives arc there for people to offer prcfcrcnce5? 
• Whal i the form of a pref crcncc? How arc pref ere nccs represented?

3 1 2 Roles and Communication
22. • • 

ls the recommender role filled by a computational sysl • , . • cm or a person?
lf Lhe latter. what r�lc docs cornputalton play in supporting the recom-
mendation process . 

• Do people play distinct roles. or do all users of a sy5tem play the same
role? Are roles fixed. or do they evolve? 

1 How is the interaction between the rccorn111cnda1ion user and the
recommender initiated? Who initiates it? Is the recommendation
directed to a, pecific person, or is it broadcast 10 anyone who's 
intere. ted? I. there opportunity for recommendation users to give
feedback to the recommender?

• Whal infonnation about the people whose preferences arc used in 
computing a recommendation is revealed to the recommendation user? 
I there an opportunity for communities of like-minded people to form?
If infom1ation about pref ere nee providers is revealed, are any measures
taken to afeguard privacy?

22.3.1.3 Algorithms for Computing Recommendations 

■ How doe an automated recommender system determine whose
preference to u e in computing a recommendation? If we think of
all the people who have expressed their preferences for a given
domain as being placed in a large, multidimensional space, this is
the problem of finding neighbors in that space for the person seeking
a recommendation.

■ How are recommendations computed? For example, given that a set
of neighbors for the recommendation seeker has been determined, how
are the preferences of these neighbors weighted and combined?

22.3.1.4 Human-Computer Interaction 
• How are recommendations presented to the person who sought them?

The most simple and common example is an ordered list. More c�m­
plicated examples include 2D and 3D visualizations, as well as visual
annotations of existing information spaces.

22-3.2 Major Types of Recommender Systems

491 

Man d' l d d ring the 1990s. Terminol-y tff erent recommender systems were deve ope u . ,, " . . ,,
ogy proliferated, Loo, with labels such as "collaborative filtering, social filtenng, 

..... 
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.. 
. 1 . • t·on" u1,cd to describe various bodic-. of work. We attempt to and socIa navIga t . . lllake ' 

[ 1 1• t·• b cli·inctcri1ing dtff ercnl approaches 111 tcnm of the four ic;su . sense o t 1e 1c u Y , ' . . . . • es Jus1
: d d Th approaches' can be d1st1ngu1shed hy which of the four main 1, mtro uce . e • . ,sues 
they focus on and how they address the issues. 

C f l a•ed systems use only the preferences of the ,;cckcr. They • onte11 -, ., • • • . . . . 
attempt to recommend items th�t arc s1mtlar t� items the user liked in
the past. Their focus is 011 algorithms for learning user pref crenccs and
filtering a stream of new items for those that most closely match user
pref erenccs 

• Recommc11dmion wpport system., do not automate the recommendation
procc..,.,. Thus, they do not have to represent pref erenccs or compute rec­
ommcndatiorn,. lrn,tcad, they serve a<; toob lo support people in sharing
recommendations, helping both those who produce recommendations
and those who tool,. for recommendations .

• Social daw 111i11i11g systems mine implicit preferences from compu­
tational records of social activity, such as Usenet messages, system
usage history, citations, or hyperlinks. These systems also have focu\ed
on the HCI is ues involved in visualizing the results. These visualiza­
tions often have been presented to aid the navigation of information
pace like the World Wide Web. This helped motivate the term social

11a\'igatio11.
• Collaboratil'e filtering systems require recommendation seekers to

express preferences by rating a dozen or two items, thus merging the roles
of recommendation seeker and preference provider. These systems focus
on algorithms for matching people based on their preferences and weight­
ing the interests of people with similar taste to produce a recommendation
for the information seeker.

Table 22.1 summarizes the four main approaches and the issues they focus on. We 
consider the four main approaches in more detail in the remainder of the chapter. We 
characterize the different ways they support the recommendation process and iden­
tify challenges and opportunities for future work. 

2The proliferation of approaches has meant that there is no accepted clustering of approaches nor acceptednames for the approaches (content-based systems are the exception 10 this rule) With recom111e11dauonsupport and ro I d • • • • · w· h 11 
• c:a ara_1111111118, we chose descriptive tenns that accurately characteriLed the approach.

11 co aborattl'e filtenn11, we chose a term that or iginally was used more generally 10 refer to all (,ociallrecommender systems However g d II h h 1 . f 
• • ra ua Y t e term recommender system has hecomc preferred. prr ap,al I ie urging? . Res_nick and Varian ( 1997). The term collaborative filtering �till i, u,ed typically in a nar· rower sense; 111s 1h1s narrower ,cnse that we use. • • 
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1 Recommender Systems Issues and Approaches
TABLE 22, 

Approaches 

Recommender s · 1 
t B d 

oc,a Data Collaborat,·ve Conten - ase Support 
tssues ----

�--:--------...: ____ _:,M:_::i:n�in.'..:g�--�F�i lt�e�ri�n�g-
.__--

Seeker's 
preferences

preferences only 

--

�d System 

c�mmunication automates

Algorithms 

Role asymmetry 

Machine 

learning, 
information 
retrieval 

System 
supports 
human 
recommenders 
and seekers 

Mines 
preferences· 
seeker's 
preferences 
typically not 
used 

Seekers 
must state 
preferences 

System automates 

High potential for 
community; raises 

significant privacy concerns 

Role asymmetry vs. 
role uniformity 

Data mining Preference 
matching 
and 
weighting --------------------------· ---

HCI 
Visualization; Explanation 
visual 
annotation 

22.4 Content-Based Recommenders 

Content-based recommenders (Lieberman 1997; Maes 1994) build on lhe intuition

"find me lhings like I have liked in the past." They learn preferences through user

feedback. The feedback may be explicit-for example, users may rate items as

··gooct·· or "bad." Or the feedback may be implicit-for example, based on whether

users choose to read a recommended document and how much time they spend read­

ing the document. Preferences are represented as a profile of user intere ts in particu­

lar types of content, often expressed as a set of weighted keywords. Technique from

machine learning and information retrieval are applied to learn and repre ent u er

preferences.
Content-based recommenders are not lhe primary concern of this chapter. How­

�ver, they serve as a point of contra t that helps clarify the type of y tern we are

Interested in: social recommender y terns. Social recommender system create a

mediated (perhaps indirect) interaction between a person seeking a recommendation

and a set of people who previously have expressed relevant preferences.
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Content-based and social recommenders have complem_cntary strengths. For ex.
ample, if in the past you have liked books ab�ut the exploration of Mars, you're like! 
to be interested in a new book about Mars, mdependent of a recommendation fro�
anyone else. (ln other words, this book can be recommended based on its content.)
On the other hand, a friend may recommend a book on a completely new subject, sa 
on the role of disease in deciding the outcome of battles throughout history. If y�
take the recommendation and like the book, you may find yourself developing a com­
pletely new interest. This potential for seren?ipit� is very important, since it may
help people break out of a rut and broaden their honzo_ns. 

. 
There also is a cnicial difference from a systems po111t of view. Content-based rec.

ommcndcr sy:..tcms must be able to represent and manipulate the content of items. This
is technically challenging even in the most well-understood case-that is, for text-and
currently is virtually impossible for nontext items such as music or images. However, 
.ocial approaches have no such problem, since they don't (have to) process content at
all. Instead, they work with user preferences, opinions, and behaviors. Because of the 
complementary a pects of content-based and social rccommcnders, an attractive
research tactic is to create hybrid systems. We discuss this type of work later.

22.5 Recommendation Support Systems 

Recommendation support systems are computational tools to support people in the
natural activity of sharing recommendations, including both producing and finding
them. 

Researchers at Xerox PARC developed Tapestry, the first recommendation sup­
port system3 (Goldberg et al. 1992). Tapestry was an electronic messaging system
that allowed users to either rate messages ("good" or "bad") or associate free text
annotations with messages. Messages were stored in a database and could be
retrieved based not only on their content but also on the opinions of others. For exam­
ple, one could retrieve documents rated highly by a particular person or person or
could retrieve documents whose annotations contained particular keywords. 

Maltz and Ehrlich (1995) further developed this approach. They observed existing
practice within organizations and noticed that a few individuals always played a very
active role in making recommendations. They built a system designed expres ly to
support the two distinct roles of recommendation producer and user (or eeker).
Their system enabled people to create recommendations consisting of pointers to
documents, which could be organized into "digests." The recommendation then
could be directed to specified colleagues. The system also supported recommenda­
tion users in reading these digests.

'Tapestry usually is considered the first recommender system of any sort. 
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S·niilar ideas ha, c been popular on the World w·d W, 1 
1 e eb s111ce t • • • 

ly incarnation of the per�onal home page witli i'tr "C 1 . 1 s ong1n-the 
ear 

' ·' oo Links" h • 
"'pie. More recently. however, this activity has inat d 

·' wa\ t e prime
e�a,.. . • ure and evolved A • h .
d ne o it gained a new name-ll'eb/ogs-and much atte 1· (B 

• s it as
o ' < 11 1011 arrett 1999· K 

1999). More and more people are creating annotated logs f 1. k. 
, . atz

. • fl . . • 0 in s. They select links
d wnte annotatton. to re ect their unique intere•ts d an . ·' • an per�pect1ves Man 

weblo!? are updated daily. so content i<; naturnlly ordered chronolo . . 11 b.
. Y 

� · I (l • • f · . g1ca y, ut some 
al O offer 1op1ca catc0onzat1ons o l111ks. Some weblog< ·ire d . 1 •. 

. (l , 

•" one entire y by a single 
indiY1duaJ, some arc a oroup c_ffort, and others fall somewhere in the middle. Some
hare thousand. of readers. while others have only ,1 few Soi,,e, 1 r . ' • arc strong y 1ocused
On a ingle topic (for e'\ample. new media) but most teiid to b r • 1 1 . 

. . . ' • e ,air y cc ecuc (not
urpnsingly. ince they tend to encompass whatever their editors find inte t' d

h . res 1ng,an 
mo t people haYe more t an one mtcrest). 

Abour.co11_1 commercialize-.. a relai_ed notion, that of a human topic guide. The 
Abou1.com site host. hun_drcd of to_ptc-specific areas, each maintained by a human 
topic expert. The content m each topic area includes organized and annotated collec­
tion. of Web linla: • news, polls, FAQs, and other "community" features, as well as 
commercial feature 

Recommendation upport ystem follow existing practice quite closely. They 
don't po it new roles or new activitie . Rather, they build on a well-attested, naturally 
occurring divi ion of labor: A few people are highly motivated to produce recom­
mendation . while most people, most of the time, prefer to use them. 

Recommendation support systems are effective when there are enough people 
who are willing to put in the effort of finding and recommending information. People 
almost never are paid to do this; usually, it's a labor of love. Additionally, the needs 
ofbot.h recommenders and users must be met. For recommenders, primary need are 
recognition and feedback; eliciting grateful, encouraging, or provocative responses 

often is all (and just what) recommenders want. For users, the recommendations they 

receive must be relevant and interesting. To have your mailbox flooded with mes­

sages that a friend finds interesting but you don't is just a personalized version of 

spam. 
People such as weblog editors who go into the "recommendation business" have

several needs. First, keeping their weblogs useful over periods of time confronts

them with a significant infonnation management task. They need to check for stale

links. They also need to provide a nonchronological organization of content-for

example, developing content categories into which links can be placed or indexing

the content and providing a search engine. Second, they may need recommender sys­

tems to suggest new and interesting items that fit their theme. Finally, techniques to

help recommenders find the right audience are crucial. The proliferation of view­

points, as represented in the growing number of weblogs, almost seems to guarantee

that every recommender can find an audience and every information seeker can find a

like-minded guide. However, the familiar specter of information overload soon

appears: With more and more choices, how do people find each 0ther? 
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CHAPTER 22 Beyond Recommender Systems

Social Data Mining

The motivation for this approach goes back al l�ast Lo �annevar Bush's ( l 945) As We
Mav Think essay. Bush envisioned scholars bl�£111g trails through electronic reposito­
ric� of infomrntion and realized that these tratls subsequently could be followed by
others. Everyone could walk in the footsteps of the masters. In our work, we have
formulated a similar intuition using the metaphor of a path through the woods. How­
ever, this metaphor highlights the role of col!ec�i�c effort ra�hcr than the individual. A
path results from the decisions of many �nd1v1duals, united only by where they
choose to walk, yet till rcOccts a rough notion of what the walkers find to be a good
path. The path both reOects history of use and serves �s a r�sou�cc for future users. 

Social tiara mining ::ipproachcs seek analogous s1tuat1ons 111 the computational 
world. Re. carchcrs look for situations where groups of people arc producing compu­
tational records (such as documents, Usenet messages, or Web sites and links) as part 
of their nom1al activity. Potentially useful information implicit in these records is 
identified, computational techniques to harvest and aggregate the information are 
invented, and visualization techniques to present the results arc designed. Thus, com­
putation discovers and makes explicit the "paths through the woods" created by par­
ticular user communities. 

The "history-enriched digital objects" line of work (Hill et al. J 992; Hill and Hol­
lan J 994) was a seminal effort in this approach. It began from the observation that 
objects in the real world accumulate wear over the history of their use and that this 
wear-such as the path through the woods or the dog-eared pages in a paperback 
book or the smudges on certain recipes in a cookbook-informs future usage. Edit
Wear and Read Wear were terms used to describe computational analogues of these 
phenomena. Statistics such as time spent reading various parts of a document, counts 
of spreadsheet cell recalculations, and menu selections were captured. These statis­
tics were then used to modify the appearance of documents and other interface 
objects in accordance with prior use. For example, scrollbars were annotated with 
horizontal lines of differing length and color to represent amount of editing (or read­
ing) by various users. 

The World Wide Web, with its rich content, link structure, and usage logs, has
been a major domain for social data mining research. A basic intuition is that a lin k
from one Web site to another often indicates both similarity of content between the
s�tes and an endorsement of the linked-to site. Various clustering and rating algo­
nthms have been designed to formalize this intuition. Kleinberg's algorithm (Klein­
berg 1998) is a well-known example. In the commercial world the Gooole search

• ' 0 engme (www.google.com) uses a similar link analysis algorithm to group and order
U�Ls. Other work has focused on extracting information from Web usage logs. Foot­
pnnts (Wexelblat and_Maes 1990) records user browsing history, analyzes it to find
c�m�only traversed lmks between Web pages, and constructs several different vi u­
aJizations of �i� data to aid user navigation through a Web site. For Chalmers et al. 
(I 998) the activity path-for example, a sequence of URLs visited during a browsing
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I• u,e basic unit. They have developed techni·qucs L ·on- • o compute s· ·1 • • se s1 paths and to make recommendations on this basis-f , 
• im1 ant1e

pel\veen ti . • or ex.imple. to recom-
d ages to you tl,at o 1ers browsed rn close proximity to,en P · f • pages you brow ed n 

techniques extract 111 ormat1on from multiple sources F . •
01her . . . . • • or example, P1tkow 

97) and Pirollt et al. (1996) combined Web links with Web d (19 . usage ata and text 
.. 1 ·ty 10 categonze and clu ter Web pages. 

51011 an d . . 
0.1,er work has focusc on extracting mfonnation from on line co . 
u . . nversat1ons, such 

as Usenet. PHOAKS (Htll ct al. 1996) �mes messages in Usenet newsgroup looking
for mention of Web pages. It categ?nzes and aggregates mentions to create lists of
papular Web page for each group. Viegas and Donath ( 1999) have harvested informa­
tion from Usenet new gr�up �nd_chats and have used them to create visualizations of
(he conversation. The e �1 uahzat1?1�s c�n be used to find conversations with desirable
properties, uch as equality of pan1c1pat1on or many regular participants.

z2.6.1.1 Discussion

Social data mining y terns do not require users to engage in any new activity; rather,
they seek to e;\.ploit u er preference inf om1ation implicit in records of existing activity.
Like recommendation upport systems, they work in situations where people naturally
take on different roles-that is, a few produce and share opinions and preferences, 
while mo t people are content to use this infom,ation when iliey have a need for it. 

Systems can preserve and transmit information about the activity context from 
which preferences were extracted. This can lead to more informative and potentially 
more useful recommendations. It also creates opportunities for community building­
people can be put in touch with others who share their preferences. However, unlike 
recommendation support systems, which assist people who intend to share recom­
mendations. social data mining systems extract preference data from contexts where 
the providers may have had no such intention. Thus, the opportunities for community 
building must be balanced against a consideration of the privacy of the people who 
produced the preferences in the first place. We discuss iliis challenge later. 

Most social data mining systems create "broadcast" recommendations; that is, the
recommendations are made available (perhaps as visualizations and navigation aids)
to anyone who uses tl,e system. However, nothing about the approach forces this: If
preferences are extracted and associated with the people who produced iliem, an
algorithm can match users based on their preferences and thus compute personalized
recommendations. The system of Chalmers et al. ( 1998) is one exan,ple of a system
that does this. 

22.6.1.2 Issues

The first set of issues concern the data that is mined and the mining algoriilirns. We
�efer lo our experience with tl,e PHOAKS and TopicShop systems to illustrate the
issues. 

• Are there useful data (preferences) hidden in the activity records? Experi­
ments we ran as part of the PH OAKS project in 1996 showed that about 
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one quarter of all Usenet messages conta'.ncd 111cnt1011, of u RLs, and
about 20 percent of the time people menlloncd a URL, they were express­
ing a preference for it. This means that there arc many thousand, of URL
recommendations in Usenet every day. Therefore, the next challenge ,s
the following . 

• Can thl' data IJ£' l'.,trartl'd accurately and e,/J,cientlv'! In the Pl !OAKS
experiments, we showed that our rules for cla-,sifying ,�entions of UR Ls
as recommendation, were nearly 90 percent accurate (111 holh precision
and rccall).4 

• /s thl' t•,trartcd tfal" <,{ high quality? We wanted to know whether the
URL, Pl !OAKS recommended for a given topic actually were good
recommcmfatiom. Spcci lically, we a,kcd whether our ordering metric­
which m,,igncd one vole 10 a URL for each distinct per<,on who recom­
mended it accorded with human judgments of quality. We showed a
positi\'c correlation hetwcen this metric and the probability that a given
URL was included in an FAQ (Frequently Asked Question) list for the rel­
evant newsgroup. In other words, the more people who recommended a
URL, the more likely an individual topic expert was to have included it
in a IL t of relevant resources.

We also investigated this question for the TopicShop <,ystcm (Amento
et al. 1999; Terveen et al. 1999). TopicShop mines information from Web
pages and links, and it interface provides users ea y acce <, to this inter­
face. Experiment showed that TopicShop subjects were able to select
about 80 percent more high-quality sites, while taking less time and con­
sidering fewer sites than users who did not have access to this data.

Other issues arise when recommendation seekers are interested as much or more 
in finding a person as in finding information. Referral Web (Kautz et al. 1997) ana­
lyzes Web documents, processes co-occurrence of names within document� to create 
a social network, and associates people with their expertise. lt can am,wer queries 
like "Find documents on collaborative filtering written by people who are sociall) 
close to Loren Terveen." McDonald and Ackerman' sy tem ( 1998) analyzes oft­
ware artifacts and documents to associate individual with specific code module • 
Help desk personnel can then be directed to people who arc likely to ha\e experti e 
about specific aspects of the code. Other systems like PH OAKS, the Designer A,sis­
tant (Terreen et al. J 995), and Answer Garden (Ackerman 1994; Ackerman and 
McDonald I 996) present information first but then allow users to get in touch \I ith
the people responsible for the information. 

4Precision and rec�I_I arc well-J..nown inforrnalion retrieval metric,. Preci\10n i, the propor1ion of item,

th�t a syslem _cla�,ilies a� being in a given calegory that actually do belong 10 that catcgor) (.icnJrding IO

pnor human_Judgemer_11). �ecall i, lhe propo11ion of i1em� J..nown 10 bei1,ng 10 a ghcn catcgol') that th( 

,y,rem class1fie\ a� being in 1hai category. 

◄
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Thi, i<.sue relates to the large hod'"' of work 0 J ll Ol\'{//"('/l('H i II b ' 

n,h and Bly 1992). Recommender systen d 
• n co

. 
a orat1ve systems

(Dou,, - • · 1s can a dress th • 
de aware of ll'hom that i-,. how to f 

: . c issue of who should
/,c ma . - orm commun1t1cs M· r 'd tified a numher of dtf ferent techniques for d r. . • • . ''.g 10 ct al. (2000)
1 en . . • enning  commun1t1cs " I " 
h '"ch Commu111t1es can he formed that cons· 1 f 

• or P aces on
I C -v • 

. IS O people from th , · 

uon. user. "ho are brows mg the same or closely related a 
c same_ org�m.za-

hr0" �ing hi. tories (Chalmers et al. 1998). 
P ges, or users with smular 

22.7 Collaborative Filtering

You would expect to get the he. t recommendation fron1 •oineon •11 • •i . , c w1 1 s1m1 ar taste 
The pr�blem. �ough. 1" 11.0w to find such a person. You may have to engage in man; 
interaction with lot of different people, through which you slowly learn about each 
others' prefere'.tce • bcf?rc you start to receive recommendations you arc confident in. 

Collnboram·e fl/rem'.� explores techniques for matching people with similar 
interests and then makmg recommendations on this basis. Three pillars of this 
appro�ch are (I) many .peo�le. must participate (making it likely that any given per­
on \\Ill find others \\''.th .• 1mtlar preferences), (2) there must be an easy way for

people to repre. ent their mterest. to the system, and (3) algorithms must be able to 
match people with similar intere ts. 

Collaborati\'e filtering ha made the u er task quite simple: You express your pref­
erence by rating item (like books or movies or CDs) that the system presents to 
you. The e ratings then serve as an approximate representation of your taste in this 
domain. The system then matches these ratings against ratings submitted by all other 
u ers of the system. The re ult is the set of your "nearest neighbors"; this formalizes 

the concept of people with imilar taste. Finally, the system recommends items that

your nearest neighbor rated highly that you have not rated (and presumably are thus

not familiar with): a key issue is how to combine and weight the preferences of your

neighbors. You can immediately rate the recommended items if they do not interest

you. Therefore, over time, the system acquires an increasingly accurate representa­

tion of your preferences. 
Seminal colJaborative filtering systems included GroupLens (Resnick et al. 1994),

!he Bellcore Video Recommender (Hill et al. 1995), and Firefly (Shardanand and

Maes 1995). The systems varied in how they weighted the ratings of different users

(that is, determined who your neighbors were and how close they were) and how they

combined the ratings. 
Collaborative tillering has found many applications on the Web. Electronic com­

merce sites such as Amazon.com and CDNow feature recommendation centers,

\lrhere, in addition to expert reviews, users can rate items and then receive personal­

ized recommendations computed by a collaborative filtering engine. User preference
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also is inferred from site usage. For example, purchasing a book may be taken as evi­dence of interest not just in that book but also in the book's author.

22.7.1.1 Discussion 

The primary strength of collaborative �ltering is that rccom':11c�1dations are personal­

ized. To the extent that your nearest neighbors really have similar taste, you can find
out about items you wouldn't have thought of on your own that you are quite likely to
find intere ting. Second, you don't have to go looking for a recommendation or rec­
ommender-you simply state your preferences and receive recommendations.
Finally, from a computational view, the data representation is simple and uniform-a
user-item matrix whose cells represent ratings-and thus is amenable to many differ­
ent computational manipulations.

Collaborative filtering docs not simply support an existing activity. Instead, it
requires users to engage in a somewhat novel computationally mediated activity.
This activity has a single combined role, the recommendation seeker/preference
provider. We describe this as role u11ifor111ity. Everyone docs the same work (rates
items) and receives the same benefits (gets rated items as recommendations). We
might de cribe rating items a an "ante"-to get recommendations, you have to give
them. This leads naturally to growth in the system's knowledge (and thus to better
recommendations), since using the database leads to the database being updated (Hill

et al. 1995).
Role uniformity has both good and bad aspects. On the one hand, observed prac­

tice suggest that most people don't want to offer recommendations. Instead, they
just want to make use of them. On the other hand, rating items is not particularly
onerous work, and you do this work precisely when you want a recommendation.

Finally, collaborative filtering separates out personal contact from the recommen­
dation process (Hill et al. 1995)-there need be no contact between recommendation
producer and receiver. Of course, if the system designers wish, the results of the
matching algorithm can be used to introduce people to their nearest neighbors. Indeed,
this is an excellent technique for community formation, since people can be linked 
automatically with others who share their interests.

22.7. 1.2 Issues 

!11ere are several technical challenges for collaborative filtering algorithms, includ­
mg the "first rater" and "sparsity" problems (Balabanoric and Shoham 1997; Good et
al. 1999). No recommendation for an item can be offered until someone has rated it.
Further, if the number of people who have rated items is relatively small compared to
�e number of items in the database, it is likely that there won't be significant similar­
Ity between users. Thi� in turn means that nearest neighbors really won't be all that
near, so recomrnendauons won't be all that good. These problems become more
urgent as the number of items increases.

_ One major tactic for addressing these problems is to combine collaborative filtering
with _content-based recommenders. A simple example can illustrate the benefits of such
hybod systems. For example, suppose one user has rated the NBA page from
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Pi .com fa,orably, while another has rated the NBA
ESbl Pure collaborative filtering would find no mat h b 

page from CNNSl.com favor-
a Y· . c et ween the two us H 

tent analys1 can show that the two items ,..,.e . c . . . 
ers. owever. 

con 
<.U 111 1ac1 quite s1m I th • ct· · 

tch berwecn the users. The Fab (Balabanovic and Sh h 
J ar, us 111 icat111g a

thm;.s intuition. lt analyzes the content of items U1at users 
o
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a� 1997) syste� builds on 

f 
• 1 

ra e iavorably to build content 
based profiles o user mterest. t then applies collaborar fil . . . 

-
·u · ·1 • ' ive 1 tenng techmques to 1den

·ry other users w1 1 s11111 ar mterests. In another effort ti G 11 . • •
th 

• . , 1e roupLens research group 
•5 expenmentmg w1 usmg collaborauve filtering as a t  h . . . 
1 d . . cc mque to combme the opm-
ion of other users an per onal 111format1on filtering agents (Good et al. 1999)_

Other researchers have analyzed the problem of incenti·ves ( 1. 
. 

.. . . a genera 1zat1on of the 
·•first rater problem) theorellcally. Again the issue is why I h Id fi . ' • • s ou rate rst and get
no benefit when I can wait for others to rate so I do benefit. Ave 1 1 ( 1999) . d· I · • ry e a . came 
out a oame theoreuc ana ys1s of mcentive systems 10 encourag 1- 1 e . • • e op 1ma quantity and
order of rat mg ..

Billsu . and P�zani ( I 998) took another approach to addressing problems with 
collaborauve filtenng. T�ey �b. erved that the task of predicting items a user would
like based o'.1 othe: u. ers ratm�. �or tl1ese items can be conceptualized as classifica­

tion, a well-mve ugated I� •. k. w1th111 the machine learning community. They take the
ingular value decompo. ition of the initial rating matrix to extract features then 

apply a learning algorithm uch a a neural network. By exploiting "latent stru�ture" 
in the user rating (as Latent Semantic Analysis [Deerwester et al. 1990] exploits 
latent structure in text). the system greatly reduces the need for users to rate common 
items before one u er can erve a a predictor for another. Experiments showed that 
this approach ignificantly outperformed previous collaborative filtering algorithms.

Recently Aggarwal et al. ( I 999) invented a new graph-theoretic approach to collab­
orative filtering that appears to avoid some of the limitations of previous algorithms.

ln particular. it can compute more accurate recommendations given sparse data.

Like any sy tern that offers results to people on the basis of significant computa­

tional processing, a collaborative filtering system faces the issue of explanation-why

does the ystem think I should like this item? Herlocker (2000) described techniques

for explaining recommendations computed by a collaborative filtering system and

presented results of experiments that evaluated the efficacy of ilie explanations.

A final important issue concerns the notion of serendipity. Stated informally, I 

want a recommender system to "tell me something I don't already know." Many cur­

rent systems fail this test. For example, one of the authors of this chapter, Terveen,

uses Amazon.corn's recommendation center. After Terveen rated a number of items,

the system recommended Shakespeare's MacBeth, which he rated positively (by

indicating "I own it"). At this point, the system began to recommend mo�e Shake­

speare plays, such as King Lear, Hamlet, and Twelfth Night. It seems unlikely that

someone who is familiar with any of Shakespeare's work will be unaware of the rest

of his plays. Thus, these recommendations carried no new information. . 
Such situations are common. To generalize the Shakespeare example, it may sel­

dom be useful to recommend books by an author to someone who already has r�ted

books by that author highly. An analogous argument can be made for CDs and artists.
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In fact. the argument can e\'en be ,crengthened. If o":1e�ne rate CD b) �mana
highly, that pe�on j highl) likely to already ha>e an 

_
opm1on about CD by Hole and

Foo Fighters (becau e of overlap and/or relauon l11p between member of the e
groups). 

Thu . a y tem can be improved through kno,, ledge of correlation in u er opin-
ion about item . That i . if a u  er has an opinion about item X. it i. quite hkel) that
he or he alread) has an opinion about item Y. One approach 10 this problem i� 10
build in knowledge about the item . e entially creating a hybrid content-based and
collaborative y tern. Aggarwal et al." (1999) algorithm incorporate a hierarchicaJ
classification tructure that can be u ed to make . o-caJled ··creati,·e·· recommenda­
tions that pan categoric . Perhap thi cheme al o could erve as the basi for mak­
ing erendipitou recommendation . too. A more challenging (but ultimate!) more 
scalable) approach i to invent algorithm. that can detennine these Orts of correla­
tions automatically. Experimenting with the technique of Bill u and Pazzani (1998) 
may be a promLing place 10 tart. 

22.8 Current Challenges and New Opportunities 

We clo e by con idering several current challenges for recommender y tern . The 
first set of challenges concerns issues of bringing people together into comrnunitie 
of intere t. A major concern here is respecting people· privacy. The econd chal­
lenge is to create recommendation algorithms that combine multiple type of infor­
mation. probably acquired from different sources at different times. 

22.8.1 Forming and Supporting Communities of Interest 

22.8.1.1 Naturally Occurring Communities as Laboratories 

A first challenge is to study, learn from, and better support naturally occurring om­
munities. For example. where we have spoken of only a few role -recommendation 
seeker, recommender, and preference provider-and have treated them a di tin t. 
neither of these assumptions may hold in real communitie . Ob ervation of we biogs 
illustrate this. 

Slashdol.com is a well-known weblog/web community. who e logan is .. ews
for Nerds." Topics such as Linux, Java, and open ource soft, are are core interests. 
Slashdot was started by a few people as a place to collect and di cuss infonrnuion 
they found interesting. It grew rapidly and soon fell prey to the very problems of 
information overload a weblog tries to avoid. Dozen of stories and thous:mds of 
comments are posted each day-too much for anyone to read. 

Slashdot's editor has developed an intere ting moderation mechanism (see 
hllp://slashdot.com/moderation.shtml) to cope with the problem. "Good" lashdol 
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. ·pants arc given limi1cd moderation powers F . . 
Part1c1 

. or a I united a . 
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10 . . • I Human part1c1pants 111 sue 1 communities may need . . . . recommender systems If you
want 10 111amtam an FAQ or 1f you contnbu1c to a wcblog •t 1 

• • . • 
. , 1 c ocs not matter how

motivated you are-it 15 impossible for you to read and evaluate all the infonnatio 
on the Web for any rea onably broad topic. You-a human rccommcncler-nccd :
recommender sy. tem. 

Different type. of recommender system could be u cd to • suggest content. A
Content-ba ed recommender could ob,crvc the documents an ed't •ct c 

. 
• 1 or cons, crs 1or

inclusion, note which ones he or sh� elect. and rejects, and gradually evolve a filter
to capture the e pref ercnccs. A social data mining systems can mine relevant news­
group or continu�u ly crawl and analyze relevant Web localities for new or popular
item . \�'ith a ?ct� _recomm�n�er systems, the editor gets access to the opiniom of
many d1ff erent 111d�v1dual ; tl�1s 1s a so_rt of "community pulse." Thus, he or she might
come aero ne\\ ideas and mfom1at1on. With the content-based recommender, on
!he other hand, the editor will get suggestions for items that are like items he or she
has elected in the pa t. This may lead to a more coherent but narrow and static offer­
ing of information.

22.8.1.2 Forming Communities Automatically-While Respecting Privacy 

Recommender sy terns can link people based on shared interests. Systems that mine
preferences from activity records can choose to convey the identity of people who
produced preferences. Collaborative filtering systems may communicate the set of
"neighbors•· that were used to compute a recommendation. In either case, u ers of the
system have the opportunity to contact and form a community with others who share
!heir interests. However. this opportunity raises significant privacy concerns. 

The e concerns are more acute for social data mining system , since they extract

information from its original context. Consider PHOAKS as an example: lt extracts

preferences concerning Web pages f rom newsgroup messages and aggregate these

preferences into recommendations that are made available on a Web site. Presum­

ably, most of the people who view the Web site were not participants in the original

newsgroup. Neither the way in which the information was proces ed nor the new

audience that can access the results was intended or foreseen by the original produc­

ers of the information. 
A system designer has various choices for balancing individual and group prhacy

against opponunities for expanded contacts between people. First, one can "pl�y it

5afe"-that is, present only information that has been aggregated and decontextuahzcd.

For PHOAKS, Ulis could mean presenting only ordered lists of recommended UR Ls,
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witli 110 infonnation about the recommending messages or the persom who posted the 
recommendcrs. However, this both resulL<; in less rich and informative recommenda­
tions and gives up on the opportunity for people Lo make new contacts with others who
share their interests. Second, one can make it all explicit. For example, we could have
desi<mcd PHOAKS to make the identity of rccommendcrs prominent and make it tcch­
nicaJiy ea y to contact a recommender (by including mailto: links). We chose not to go
tlli far. We included tJ1c e-mail addresses of rccommcnders but not at "top-level: '  If 
PHOAKS users want to find this information, they have to dig around a bit, and if they 
want to e-mail recomrnenders, they must explicitly cul and paste e-mail addresses. 

More generally, we are interested in middle-ground solutions that lie between the 
extremes of complete disclosure and complete anonymity. A good place Lo start is 
witll techniques u.ed in places such as onlinc "personals" or dating services. In these 
ca e , tJic ,ystem i. a trusted intermediary, mediating interaction between people. 
Participants can progrc ivcly reveal more about themselves, perhaps beginning only 
witll their system login, then adding tJ1cir personal e-mail address, then revealing 
other infonnation as tllcy become comfortable. 

22.8.2 Combining Multiple Types of Information 

to Compute Recommendations 

22.8.2. 1 Authority/Expertise, Not Just Similarity of Taste 

The basis of collaborative filtering algoriilims is matching people based on similar 
interests. While getting recommendations from somebody wiili similar tastes is a 
good start, you might also want something else: that the person making the recom­
mendation is an expert on iliese topics. You might prefer getting a recommendation 
based on tlle opinions of one expert, railier than 10 oilier people, even if ilie IO otllers 
actually have interests somewhat closer to yours. 

This raises multiple challenges, including obtaining expertise information, qualify­
ing ilie information, and combining it wiili information about similarity of preferences 
to compute a recommendation. Various techniques for getting information about exper­
tise may be explored. For example, in an online conversation, metrics such as the 
amount of messages a person contributes and the number of responses tllese message 
receive could be used to assess a participant's expertise. In academic contexts, citation 
indexing metllods could be used. A furtller consideration is iliat expertise is topic spe­
cific-for example, in the music domain, one person might be an expert on baroque 
music, another on big band swing, and a tllird on punk rock. Several techniques may 
help categorize a person's expertise. If a system has categorical information about 
items (for example, tlleir genre), ilien if a person rates items from one category more 
often (and more highly) tllan oilier genres, iliis may indicate expertise in iliis category. 
And in a conversational application, the messages an individual produces may be ana­
lyzed to extract topics iliat he or she discusses frequently. (We realize that discussing a 
topic a lot doesn't necessarily make one an expert, but iliis is a good place to begin
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. This example �s? illu I.rates � interesting general point: Using a recommenda­
uon to make a dee, 10n also may yield additional preference data that can be used to
evolve the recommendation. And a single user may play multiple roles-recommen­
dation eeker and preference producer-simultaneously. 

22.9 Conclusion 

Recommender systems have developed in response to a manifest need: helping
people deal with the world of information abundance and overload. Further, it has
become clear that they can link people with other people who share their interests,
not just with relevant information. We identified a set of four major issues for recom­
mender systems: ( J) how preference data is obtained and used, (2) the roles played

�y people and by computation and the types of communication involved, (3) algo­
nthms for linking people and computing recommendations, and (4) presentation of
recommendations to users. We !hen identified four major approaches to recom­
mender systems, which can be distinguished in large part by which of the issue they
address and how they address them. Finally, we closed by suggesting several chal­
lenges tliat raise important opportunities for new research and application. 
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