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Creating Creativity:
User Interfaces for
Supporting Innovation

Ben Shneiderman

11.1 Introduction

l?eople have long relied on technology for information preservation and dissemina-
tion. Ancient traders recorded contracts on clay tablets, religious scribes hand copied
illuminated manuscripts on parchments, and Gutenberg applied his printing press to
reproducing Bibles. Print media led to dramatic changes in society, and then modern
broadcast media shook the world further with even more rapid and widespread dis-
semination. Today, even in remote locales, most people have seen TV and heard radio.
The World Wide Web is dramatically transforming society by providing greater user
control and initiatjve.

] 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 societies, but making phone calls is now widespread,
and sending e-mail is commonplace.

A fourth use for information technologies is to support the creation of knowledge
and art. Even jnto the twentieth century, scientists, inventors, novelists, and painters
Were seen as specially gifted citizens whose rare creative productions were treasured.
.PhOlngaPhy shook the art world because it enabled the majority to produce striking
'Mages rapidly at low cost. Similarly, information technologies could be harnessed to
makg Creativity more common. Not every artwork, novel, photo, or digital product is
Creative, pyt facilitating broad access to powerful tools expands the potential.

b
‘__-__'____—' .
f?jr:xp ACM. Adapted with permission from “Creating Creativity: User Interfaces for Supporting [nnova-
» ACM T, Gnsactions on Computer-Human Interaction, Vol. 7, No. 1, March 2000.
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11.5.1 Searching and growsing Digital Libraries

[ librarics offer rich resourgcs, but di.gitu‘l lihrilri.cs‘ provide drg
itias hat support scarching, browsing, and flltﬂmg. Existing ‘Web sea
bllmsjg nal lib‘r)ury interfaces could be much improved. and refinemeny
2::a[i:§¢l;aare possible. Situationalist USCrs wr;o :Ivarntthl: stcl:e: the scarch to FeSourge
about previous work will want morc co_nlro (;wc B rele an;e.rankmg‘ Tange of
sources. and the presentation of the results ( '"?"(_)'""1 1995; Koenemgpy, ang
Belkin 1996: Shneiderman et al. 1997). For cxample, it should b? Ca5Y for yger h
restrict a legal scarch to recent Ncw York, New Jersey, or Connccuc'ut couFl Cases g
tenants rights for heating. The result sct should. be grouped by clalm.? (civil righ
contract violation, etc.) and ordered by date }Vllh green or rc'd :qm,rs indicating g,
strength of the results for or against tcn'ants. bxtrucuon. of plaintiff’s or dCandam's
lawyers should also be convenient. T'hls_m.ay sound like 4 t.u!l O.rdcr‘ but detileg
search request specification while maintaining comprchensibility is possible Since
searching is part of a larger crcative process, thc. result set ﬁhould be easy 10 save inyq
a spreadsheet for further manipulation, include in an e-mail note for consultation, or
paste into a notebook for later referral. . ' . .

In addition to searching, inspirationalists will want rapid browsing to more e
tively support exploration, similar to what many people do in bookstores or physical
libraries. Web sites with high branching factors (many links per page) support ex.
ploration by making what is available more visible. Yahoo's (www.yahoo.com) 200+
links on the home page are helpful in getting an idea of what is available and what is no,
Browsing textual menus supports exploration when specific terms or concepts are not
known, but varying interpretations of category names still result in user confusion,

Sto Su

Traditiona

11.5.2 Consulting with Peers and Mentors

E-mail, listservs, newsgroups, and threaded discussions are excellent asynchronous
tools for situationalists’ inquiries about previous work and for discussing new ideas.
The capacity to find people who have a shared interest and are at work on similar
problems is one of the greatest gifts of the Internet. Synchronous tools, such as phone
calls, videoconferencing, and software sharing (for example, Netmeeting), enrich the
possibilities for early, middle, and late stage consultations (Olson and Olson 1997).
For early stage consultations, innovators are likely to search widely, finding diverse
infopnation resources and broad communities. At this preparatory Stage, innovators
are forming questions, finding out about current workers who might be collaborators,
and choosing directions. During middle stage consultations, the tasks are to propost
potentialsolution strategies and develop evaluation methods. As solutions are created
and refined, late stage consultations are directed at confirming the innovation, refit-

ing it to accommodate criticisms, and then disseminating it to appropriate parie*
(National Research Council 1993).

-



geyond Recommender
systems: Helping People
Help Each Other

Loren Terveen
Will Hill

22.1 Introduction

The sew millennium is an age of information abundance. The 1990s have seen an
explosion of information and entertainment technologies, and thus of choices a per-
son faces. People may choose from dozens to hundreds of television channels, thou-
sands of videos. millions 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
vary 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,
a who are recognized experts. We might turn to {riends 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 systems aim o mediate, support, or autom
the everyday process ol sharing recommendation 8.

We explore the field of recommender systems the remainder of this chapter,
main goal is (o identily challenges and suggest new opportunitics. We begin by dev
oping aconceptual framework for thinking about recommender systems that il ds
everyday examples of recommendation and identifies basic concepts and desi
issues. The bulk of this chapter is devoted to surveying several distinct approaches
recommender systems and analyzing them in terms of the design issucs they addre
and how they do so. Finally, we suggest @ number of challenges and opportunities f
new regearch and applications. Two main challenges are (1) assisting pcople in for
ing communities of interest while respecting privacy concerns and (2) developing re
ommendation algorithms that combine multiple types of information.

22.2 Recommendation: Examples and Concepts

Everyone can bring to mind examples of recommendation. You might think of read
ing movie reviews in a magazine to decide which movie to see. Or you might recal
visits to your local bookstore, where you've talked to the owner about your interest
and current mood, and she then recommended a few books you'd probably like
Finally. you might remember walking through your neighborhood and noticing that
particular sidewalk cafe is always crowded. You think that its popularity must be
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, let alone how to choose among them.! 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 altcrnatives. Individuals form
preferences based on their experience with the relevant items, such as 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: | might prefer one item
over another (The Simpsons over The X-Files) or even think in terms of some scoring
system (“On a scale of 1 to 1@, Bob Dylan’s ‘Highway 61 Revisited’ is a 107).

]
'Some researchers have characterized a user’s path through a space of alternatives as a process of naviga--
tion. Social Navigation of Information Space, edited by Munro, Ho6k, and Benyon (1999), collects a set of
papers written from this perspective. Dourish’s chapter (1999) discusses the navigation metaphor clearly.
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Ommenda‘i(’“ may be dirccted to specific individuals or “broadc
s e rested. For l.hc chson who receives it, o rccommend
one ™ ogin making a choice from the universe of alternatives. The reccommendati

(hat heai-a view or filter onto the whole, often imaccessible, universe. A rccon?n \ 1]0“
c@mes he based not just on the reccommender’s preferences but uléo on thosg]cc)[f]ll?t;

ATeC ast” to any-

ation 1s a resource

on MY ™ . ceeker. For example, i i
! dation seeker. ample, in recommending books to you, I might find

ot which genres you ].ikc (fOF. cxurjmlc. science fiction) and cven which hooks
e really en_iOyf:d (like R(?hmson S M(”'S trilogy). I then can recommend hooks
hatare both good (in my opinion) and will meet your preferences. | even can recom-
mend books based on the preferences of others. Maybe /'m not a science fiction fan,
ot | have friends who arc, so l can make recommendations based on what they like.
Further, | may put youin touch with !\CODI.C who‘sllmrc your interests. Maybe there's a
ience fiction rcading gropp you might like to join. Finally, a reccommendation may
nclude explanatory material that helps the recommendation seeker evaluate it (why
youdlike the Mars trilogy. what's good about The Simpsons, and why it's better than
The X-Files).

223 A Model of the Recommendation Process

Figure 22.1 summarizes these concepts and situates them in a general model of rec-
ommendation. A recommendation seeker may ask for a recommendation, or a rec-
ommender may produce recommendations with no prompting. Seekers may
volunteer their own preferences, or recommenders may ask about them. Based on a
set of known 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

Universe of
Alternatives

Request / prefs
(* Recommender
Seeker
recommendation

Recommender
(based on preferences and
similarity of interests)

Preference
Provider

F A
GURE22.1  Model of the recommendation pProcess



490 CHAPTER 22 Beyond Recommender Systems

people with similar interests. The seeker may usc .lhc recommendation to selecy itemg
from the universe or to communicate with like-minded others. '

This model is intended to be general enough to covera broad range of recompe,.
dation activities. Real activities may vary significantly: in particular, they may noy
instantiate some aspects of the model. For example, movie reviewers publigh their
reviews based on their own preferences, without any specific knowledge of reader
preferences or explicit requests. In a case like the crovgds at the sidewalk café ex g,
ple, the rccommendation activity itself may seem to disappear. The preferenceg of a
group of people (the dincrs) are dircctly visible to a_ll who pass by and thus cap be
used to select restaurants to visit. (As we shall see. in computational analogues, (pe
recommender can't quite disappear. Computation plays a vital, though perhaps pjq.
den. role in making preferences visible.) Sometimes seckers aren’t interested in cop,.
munication with others—all they want is a good book to read—while in other cyges
that's the whole point. Finally. the structure and content of recommendations vary
from quite complex like the movie reviews in Entertainmnent Weekly that consist of
few hundred words of text, a letter grade, and sometimes ratings on specific features
such as “language.” “*violence,” and “nudity)™ to quite simple (a list of recommended

movies.)

22.3.1 Issues for Computational Recommender Systems

A computational recommender system automates or supports part of the recommen-
dation process. An automated recommender system assumes the recommender role:
It offers recommendations to users based on their preferences (and perhaps also
based on the 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 the 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 the system? Or perhaps the preferences
expressed by people in an altogether 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 express their own preferences as part of the process of seeking a
recommendation? Are preferences expressed explicitly or implicitly (as
with the popular restaurant example)?
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» What incentives are there for people to offer preferences?

g T form of a prefer 2 -
. What is the for preference? How are prefercnces represented?

231 2 Roles and Communication
. Isthe recommender role filled by a computational system or a person?
If the latter. what role does computation play in supporting the rccom:

mendation process?

. Do people play distinct roles, or do all users of system play the same
role? Are roles fixed. or do they evolve?

How is the interaction between the recommendation user and the
recommender initiated? Who initiates it? Is the recommendation
directed to a specific person. or is it broadcast to anyonc who's
interested? Is there opportunity for recommendation users to give
feedback to the recommender?

What information about the people whose preferences are used in
computing a recommendation is revealed to the recommendation user?
Isthere an opportunity for communities of like-minded people to form?
If information about preference providers is revealed, are any measures
taken to safeguard privacy?

22.3.1.3 Algorithms for Computing Recommendations

« How does an automated recommender system determine whose
preferences to use 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
arecommendation.

» 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 com-
plicated examples include 2D and 3D visualizations, as well as visual
annotations of existing information spaces.

2232 Major Types of Recommender Systems

Many different recommender systems were developed during the 1220 Term{nol’-,
” “social filtering,

%8y proliferated, too, with labels such as “collaborative filtering,
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and “social navigation™ used to describe various bodies of work. We attempt 1o figk
sensc of the field by characterizing different approaches in terms of the four ISSues i
introduced. The approachcs2 can be distinguished by which of the four main lss”és

they focus on and how they address the issues.

» Content-based systems use only the pltcf('?renCCS- of the sccker. They
attempt to recommend items that arc similar to items the user liked in
the past. Their focus is on algorithms for learning user preferences and
fillering a strcam of new items for those that most closely match user

preferences.

Recommendation support systems do not automate the recommendation
process. Thus, they do not have to represent preferences or compute rec-
ommendations. Instead, they serve as tools to support people in sharing
recommendations, helping both those who produce recommendations
and those who look for reccommendations.

« Social data mining systems mine implicit prefercnces from compu-
tational records of social activity, such as Usenct messages, system
usage history, citations, or hyperlinks. Thesc systems also have focused
on the HCl issues involved in visualizing the results. These visualiza-
tions often have been presented to aid the navigation of information
spaces like the World Wide Web. This helped motivate the term social
navigation.

Collaborative filtering systems require recommendation seekers to
express preferences by rating a dozen or two items, thus merging the roles
of recommendation sceker and preference provider. These systems focus
on algorithms for matching people based on their preferences and weight-
ing the interests of pecople 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.

n::fesrg :fle}:':ll;;p(:g;g][:sz(lchcs has meant that there is no accepted clustering of approaches nor accepted
support and social data ,"i’("g"'fﬂ\l:-huged systems are the exception to this rule), With recommendation
With collaborative filterin wcg;:hocsec P iE deS’C"Pl.'V_C terms that accurately characterized the approach.
recommender systems. H 5 @tk that originally was used more generally to refer to all (social

y - However, gradually the term recommender system has become preferred, perhaps

at the urging of Resnick and Vari;
Il Res artan (1997). The term collaborative ing still is us ically in anar
rower sense; 1t is Lhis narrower sense that we use fiborive ﬁhcrmg e I'Vplcd"'v m




Content-Based Recommenders 493

Recommender Systems Issues and Approaches

1
BLE 22.
T Approaches
Recommender  Social p
ata Collaborative
P Content-Based Support Mining Filtering
Seeker's Mines
rences in Seekers
prefe preferences only preferences: must state
seeker’s preferences
preferences
typically not
used
Wd System System System automates
Communicarion automates supports
human High potential for
recommenders community; raises
and seekers significant privacy concerns
Role asymmetry Role asymmetry vs.
role uniformity
W"—";_—_ Machine Data mining  Preference
learning, matching
information and
retrieval weighting
——— . . . —— .
Hal Visualization;  Explanation
visual
annotation

22.4 Content-Based Recommenders

Content-based recommenders (Lieberman 1997; Maes 1994) build on the intuition
“find me things like I have liked in the past.” They learn preferences thropgh user
feedback. The feedback may be explici—for example, users may rate items as
“200d” or “bad.” Or the feedback may be implici—for example, based on whether
users choose to read a recommended document and how much time they spend rgad-
ing the document. Preferences are represented as a profile of user interests in particu-
lar types of content, often expressed as a set of weighted keywords. Techniques from
machine learning and information retrieval are applied to leam and represent user
preferences.

Content-based recommenders are not the primary concern of this chapter. How-
ever, they serve as a point of contrast that helps clarify the type of system we are
interested in: social recommender systems. Social recommender systems create a
mediated (perhaps indirect) interaction between a person seekir_lg a recommendation
and a set of people who previously have expressed relevant preferences.
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Content-based and social recommenders have complementary strengths. For ¢y,
ample, if in the past you have liked books ahgut the exploration of Mars, you're fige)
10 be interested in a new book about Mars, independent of a recommendatiop fr.ny]
anyone else. (In other words, this book can be recommended based on js conten,)
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. [f ym;
take the recommendation and like the book, you may find yoursclfdeveIOpinga com-
pletely new interest. This potential for scrcndipil)i is very important, since it may
help people break out of a rut and broaden their horizons.

There also is a crucial difference {rom a systems point of view. Content-based rec.
ommender systems must be able to represent and manipulate the content of items, T
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,
social approaches have no such problem, since they don’t (have to) process content 4
all. Instead, they work with user preferences, opinions, and behaviors. Because of the
complementary aspects of content-based and social recommenders, 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 system? (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 persong 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 expressly to
support the two distinct roles of recommendation producer and user (or seeker).
Their system enabled people to create recommendations consisting of pointers to
documents, which could be organized into *“digests.” The recommendations 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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imilar ideas have been popular on the World Wide Weh s; 7
mation of the personal home page, with it “Coo| Lls:ll\t;e Iija(:r:fln_.the
example..h-10f‘0 feCc':g; howe‘ir~"h15 activity has matured and c;olvea. A(; ii)tnl[::;
jone s0, it gained a new name—weblogs—and much attention (Barrett 1999:
1999). More and more people are creating annotated logs of links (The sel ‘ l}'<alZ
and wnte annotations _10 reflect their unique interests and pc‘rgpeg[ iveeq Mmks
weblogs are updated dall‘y. sp content is naturally ordered chronoloéically tful soﬂny
also offer topical categorizations of links. Some weblogs are donc entirely l;y asi nn;e
individual, some arc a group L’.fTorl. and others fall somewhere in the middle qoﬁqz
have lhousands_of readc.rs. while others have only  few. Some are strongly t';);:used
on a single topic (for example, new media), but most tend to he fairly eclectic (not
surprisingly. since they tend to encompass whatever their editors find interesting, and
most people have more than one interest). '

About.com commercializes a related notion, that of a human topic guide. The
About.com site hosts hundreds of topic-specific areas, each maintained by a human
topic expert. The content in each topic area includes organized and annotated collec-
tions of Web links. ncws, polls, FAQs, and other “community” features, as well as
commercial features.

Recommendation support systems follow existing practice quite closely. They
don't posit new roles or new activities. Rather, they build on a well-attested, naturally
occurring division of labor: A few people are highly motivated to produce recom-
mendations. 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
of both recommenders and users must be met. For recommenders, primary needs are
recognition and feedback; eliciting grateful. encouraging, or provocative responses
oftenis 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 information 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 recommen_der sys-
ems 1o suggest new and interesting items that fit their theme. Finally, l.echmqu;s 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 guarz}ntee
lhal every recommender can find an audience and every information seeker can find a
like-minded guide. However, the familiar specter of information overload soon

) - 9
appears: With more and more choices, how do people find each other:

carly ncd
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22.6 Social Data Mining

The motivation for this approach goes back at lgasl to Yanncvar Bush’s ( 1945)As We
May Think essay. Bush envisioned scholars bla.zmg trails through clectronic eposito.
ric§ of information and realized that these lrun]s.subscquently could be followe by
others. Everyonc could walk in the footsteps of the masters. In our work, we have
formulated a similar intuition using the mclaphgr ofq path through the woods, Hows
ever, this metaphor highlights the role ofcolhleCl‘lV.C effort rather than the individyal, 5
path results from the decisions of many 1ndw1duals, united O“I)" by where they
choose to walk, yet still reflects a rough notion of what the walkers find 1o be o god
path. The path both reflects history of use and scrves as a r'csour‘cc for future ysers,

Social data mining approaches seck analogous situations in the computationg]
world. Rescarchers look for situations where groups of people are producing compu-
tational records (such as documents, Usenet messages, or Web sites and links) as part
of their normal activity. Potentially useful information implicit in these records js
identified, computational techniques to harvest and aggregate the information are
invented. and visualization techniques to present the results are designed. Thus, com-
putation discovers and makes cxplicit the “paths through the woods™ created by par-
ticular user communities.

The “history-enriched digital objects™ line of work (Hill et al. 1992; Hill and Hol-
lan 1994) 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 link
from one Web site to another often indicates both similarity of content between the
sites and an endorsement of the linked-to site. Various clustering and rating algo-
rithms have been designed to formalize this intuition. Kleinberg’s algorithm (Klein-
berg 1998) is a well-known example. In the commercial world, the Google search
engine (www.google.com) uses a similar link analysis algorithm to group and order
URLs. Other work has focused on extracting information from Web usage logs. Foot-
prints (Wexelblat and Maes 1990) records user browsing history, analyzes it to find
commonly traversed links between Web pages, and constructs several different vist-
alizations of t.his data to aid user navigation through a Web site. For Chalmers et al.
(1998) the activity path—for example, a sequence of URLs visited during a browsing
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" s the basic unit. They have dev.e]oped techniques to compute similariti
se.-.wecn paths and to make recommendations on this basis—for example, to reclo;x?

{ 1 pages 10 you that o‘thers l)r(?wsed in close proximity to pages y01.1 browsedA
hniques extract information from multiple sources. For example, Pitko .

go7) and pirolli et al. (1996) combined Web links with Web usage data ‘and t “:
(.1 Jarity [0 CALEEONZe and cluster Web pages. .
Slm(l)mer' work has focus‘ed on extr 3Cti"8_ information from online conversations, such
 Usenel. PHOAKS (Hill et al. 1996) mines messages in Usenet newsgroups looking
or mentions of Web pages. It categorizes and aggregates mentions to create lists of

pular Weh pages for each group. Viegas and Donath (1999) have harvested informa-
ion from Usenet NEWSEroups f‘"d_Cha‘S and have used them to create visualizations of
(he conversation. These \flSUﬂllZallf)l?S can be used to find conversations with desirable
properties. such as equality of participation or many regular participants.

mel

226.1.1 Discussion

Social data mining systems do not require users to engage in any new activity; rather,
they seek to exploit user preference information implicit in records of existing activity.
Like recommendation support systems, they work in situations where people naturally
wke on different roles—that is, a few produce and share opinions and preferences,
whilemogt people are content to use this information when they 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 this 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 the system. However, nothing about the approach forces this: If
preferences are extracted and associated with the people who produced them, an
algorithm can match users based on their preferences and thus compute personalized
recommendations. The system of Chalmers et al. (1998) is one example of a system
that does this.

226.1.2 Issues
The first set of issues concern the data that is mined and the mining algorithms. We

Tefer o our experience with the PHOAKS and TopicShop systems to illustrate the
18Sues,

activity records? Experi-

v Are there useful data (preferences) hidden in the
996 showed that about

ments we ran as part of the PHOAKS projectin |
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one quarter of all Usenct messages conlm:ncd mentions of URLs, ynd
about 20 percent of the time people mentioned a URL, they were express.
ing a preference for it. This means that there are many thousands of UR[
recommendations in Usenet every day. Therefore, the next challenge js

the following.
Can the data be extracted accurately and efficiently? In the PHOAKS

experiments, we showed that our rules for classifying mentions of UR[
as recommendations were nearly 90 percent accurate (in hoth precision

and recall).

Is the extracted dara of high quality? We wanted to know whether the
URLs PHOAKS recommended for a given topic actually were good
recommendations. Specifically, we asked whether our ordering metric—
which assigned one vote (o a URL for each distinct person who recom-
mended it—accorded with human judgments ol quality. We showed a
positive correlation between 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 list of relevant resources.

We also investigated this question for the TopicShop systcm (Amento
et al. 1999; Terveen et al. 1999). TopicShop mincs information from Web
pages and links, and its interface provides users easy access to this inter-
face. Experiments showed that TopicShop subjects werc able to select
about 8() 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 Weh (Kautz et al. 1997) ana-
lyzes Web documents, processes co-occurrence of names within documents to create
a social network, and associates people with their expertise. It can answer queries
like “Find documents on collaborative filtering written by people who are socially
close to Loren Terveen.” McDonald and Ackerman’s system (1998) analyzes soft-
ware artifacts and documents to associate individuals with specific code modules.
Help desk personnel can then be directed to people who arc likely to have expertise
about specific aspects of the code. Other systems like PHOAKS, the Designer Assis-
tant (Terreen et al. 1995), and Answer Garden (Ackerman 1994; Ackerman a.nd
McDonald 1996) present information first but then allow users to get in touch with
the people responsible for the information.

“Precision and recall are well-known information retrieval metrics. Preciston is the proportion of ”L:ntl(;
that a system classities as being in a given category that actually do belong to that category (;,ccordln:-me
prior human judgement). Recall is the proportion of items known to belong to a given categ0n A
system classifies as being in that category.
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22.7 Collaborative Filtering

You would exp}fCt l(; gelllhe hesl‘ recommendation from soineone with similar taste.
The prqblem. t ough. is how to find such a person. You may have to engage in many
imeraC.llOn& with I?ls of different people, lhrough which you slowly Icarn about each
others preferepces. bCff’rc you start to receive recommendations you arc confident in.

Collaborative ﬁ”"”'!&' explores techniques for matching people with similar
interests and then making rccommendations on this basis. Three pillars of this
approach are (1) many .peol?le.must participate (making it likely that any given per-
son will find others w|'lh- similar preferences), (2) there must be an easy way for
people to represent their interests to the system, and (3) algorithms must be able to
match people with similar interests.

Collaborative filtering has made the user task quite simple: You express your pref-
erences by rating items (like books or movies or CDs) that the system presents to
you. These 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
users of the system. The result is the set of your “nearest neighbors”; this formalizes
the concept of people with similar taste. Finally, the system recommends items that
your nearest neighbors 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 collaborative filtering systems included GroupLens (Resnick et al. 1994),
the 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 filtering has found many applications on the Web. Electronic com-
merce sites such as Amazon.com and CDNow feature recommendation centers,
where, 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 sitc usage. For example, purchasing a book may be takep as evi.
dence of interest not just in that book but also in the book's author.

22.7.1.1 Discussion

The primary strength of collaborative filtering is that rccomnpcpdations are personal-
ized. To the extent that your nearest neighbors rcally have similar taste, you can fing
out about items you wouldn't have thought of on your own that you are quite likely to
find interesting. Second, you don't have to go looking for a recommendation or rec-
ommender—you simply state your preferences and reccive rccommendations,
Finally, from a computational vicw, the data representation is simple and uniform—a
user-item matrix whose cclls represent ratings—and thus is amenablc 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 sceker/prefercnce
provider. We describe this as role uniformity. Everyone does the same work (rates
items) and receives the same benefits (gets rated items as recommendations). We
might describe rating items as an “ante™—to get reccommendations, 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 onc hand, observed prac-
tice suggests that most people don’t want to offer reccommendations. 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

There are several technical challenges for collaborative filtering algorithms. includ-
ing 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
the number of items in the database, it is likely that there won’t be significant similar-
ity between users. This in turn means that nearest neighbors really won't be all that
near, so recommendations 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
w:th‘content-based recommenders. A simple example can illustrate the benefits of such
hybrid systems. For example, suppose one user has rated the NBA page from
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. sers with similar interests. 1 . & technigues to iden-
(ify other user.s wn. ; res .n another effort, the GroupLens research grou
s experimenting with using col].aboralwe filtering as a technique to combine the o in‘3

.ons of other users and personal information filtering agents (Good et al. 1999) p

Other rsseaml;ers h:ll]ve an{llyzed the problem of incentives (a generalizatic;n of the
i FGaE problem) theoretically. Again, the issue is why [ should rate first and get
no benefit when I can wait tor others to rate so 1 do benefit. Avery et al. (1999) carried
out a game 'lheoreliC analysis of incentive systems (o encourage optimal quantity and
order of ratings.

Billsus.and‘ Pa;zani (1998) took another approach to addressing problems with
collaborative filtering. They 'observed that the task of predicting items a user would
like based on other users’ ratings for these items can be conceptualized as classifica-
rion. a well-investigated task within the machine learning community. They take the
singular value decomposition of the initial ratings matrix to extract features, then
apply a learning algorithm such as a neural network. By exploiting “latent structure”
in the user ratings (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 user can serve as a predictor for another. Experiments showed that
this approach significantly outperformed previous collaborative filtering algorithms.

Recently Aggarwal et al. (1999) invented a new graph-theoretic approach to collab-
orative filtering that appears to avoid some of the limitations of previous algorithms.
In particular. it can compute more accurate recommendations given sparse data.

Like any system 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 system 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 the explanations.

A final important issue concerns the notion of serendipity. Stated informally, 1
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.com'’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 more Shake-

Speare plays, such as King Lear, Hamlet, and Twelfth Night. It seems unlilfely that
someone who is familiar with any of Shakespeare’s work will be unaware of the rest

of his plays. Thus, these recommendations carried 0 new information.

Such situations are common. To generalize the Shakespeare example, 1t may sel-
dom be yseful to recommend books by an author to someone whg already has rz'ned
books by that author highly. An analogous argument can be made for CDs and artists.

page from CNNSI.com favor-
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In fact, the argument can even be strengthened. If someone rates CDs by Nirvana
highly. that person is highly likely to already have an opinion about CDs by Hole ang
Foo Fighters (because of overlap and/or relationships between members of these
groups).

Thus. a system can be improved through knowledge of correlations in user opin-
ions about items. That is. if a user has an opinion about item X. it is quite likely tha,
he or she already has an opinion about item Y. One approach to this problem s (o
build in knowledge about the items, essentially creating a hybrid content-based anqg
collaborative system. Aggarwal et al.’s (1999) algorithm incorporates a hierarchicg]
classification structure that can be used to make so-called “creative™ recommenda-
tions that span categories. Perhaps this scheme also could serve as the basis for mak-
ing serendipitous recommendations. t00. A more challenging (but ultimately more
scalable) approach is to invent algorithms that can determine these sorts of correla-
tions automatically. Experimenting with the technique of Billsus and Pazzani (1998)
may be a promising place to start.

22.8 Current Challenges and New Opportunities

We close by considering several current challenges for recommender systems. The
first set of challenges concems issues of bringing people together into communities
of interest. A major concern here is respecting people’s privacy. The second chal-
lenge is to create recommendation algorithms that combine multiple types 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 com-
munities. For example. where we have spoken of only a few roles—recommendation
seeker, recommender, and preference provider—and have treated them as distinct.
neither of these assumptions may hold in real communities. Observations of weblogs
illustrate this.

Slashdot.com is a well-known weblog/web community. whose slogan is “News
for Nerds.” Topics such as Linux, Java, and open source software are core interests.
Slashdot was started by a few people as a place to collect and discuss information
they found interesting. It grew rapidly and soon fell prey to the verv problems of
information overload a weblog tries to avoid. Dozens of stories and thousands of
comments are posted each day—too much for anyone to read.

Slashdot’s editor has developed an interesting moderation mechanism (se¢
hup://slashdot.com/moderation.shtml) to cope with the problem. “Good™ Slashdot
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Different types of recommender systems could be used to suggest content. A
content-based rccqmmcndcr could observe the documents an editor considers 't‘or
rclusion. note which ones he or she selects and rejects, and gradually evolve a filter
o capture these preferences. A social data mining systems can mine relevant news-
groups or continuously crawl and analyze relevant Web localities for new or popular
items. With a social recommender systems, the editor gets access to the opinions of
many different individuals; this is a sort of “community pulse.” Thus, he or she might
come across new ideas and information. With the content-based recommender, on
the other hand. the editor will get suggestions for items that are like items he or she

has celected in the past. This may lead to a more coherent but narrow and static offer-
ing of information.
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22.8.1.2 Forming Communities Automatically—While Respecting Privacy

Recommender systems 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, users of the
system have the opportunity to contact and form a community with others who share
their interests. However. this opportunity raises significant privacy concems.

These concerns are more acute for social data mining systems, since they extract
information from its original context. Consider PHOAKS as an example: It extracts
preferences concerning Web pages from newsgroup Messages and aggregates 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 processed 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 individgal and grouphpnvac.y
against opportunities for expandcd contacts between people. kirst, one can 'plf'ny it
sfe” —that is, present only information that has been aggregated and decontextualized.
For PHOAKS, this could mean presenting only ordered lists of recommended URLSs,
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with no information about the recommending messagcs or the persons who posted the
recommenders. However, this both results in less rich and informative recommengy.
tions and gives up on the opportunity for people to make new contacts with otherg who
share their interests. Second. one can make it all explicit. For example, we could hyye
designed PHOAKS to make the identity of recommenders prominent and make it tech-
nically easy to contact a recommender (by including mailto: links). We chose not (o 20
this far. We included the e-mail addresses of recommenders but not at “top-leve]"* if
PHOAKS users want to find this information, they have to dig around a bit, and if they
want to e-mail recommenders, they must explicitly cut and paste c-mail addresscs,
More generally, we arc interested in middle-ground solutions that lie between (he
extremes of complete disclosure and complete anonymity. A good place to start js
with techniques used in places such as online “personals” or dating scrvices. In these
cases. the system is a trusted intermediary, mediating interaction between pcople.
Participants can progressively reveal more about themselves, perhaps beginning only
with their system login, then adding their personal e-mail address, then revealing

other information as they become comfortablec.

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 algorithms is matching people based on similar
interests. While getting recommendations from somebody with similar tastes is a
good start, you might also want something else: that the person making the recom-
mendation is an expert on these topics. You might prefer getting a recommendation
based on the opinions of one expert, rather than 10 other people, even if the 10 others
actually have interests somewhat closer to yours.

This raises multiple challenges, including obtaining expertise information, qualify-
ing the information, and combining it with information about similarity of preferences
to compute arecommendation. 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 these messages
receive could be used to assess a participant’s expertise. In academic contexts, citation
indexing methods could be used. A further consideration is that 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 third on punk rock. Several techniques may
help categorize a person’s expertise. If a system has categorical information about
items (for example, their genre), then if a person rates items from one category more
often (and more highly) than other genres, this may indicate expertise in this category.
And in a conversational application, the messages an individual produces may be ana-
lyzed to extract topics that he or she discusses frequently. (We realize that discussing_il
topic a lot doesn’t necessarily make one an expert, but this is a good place to begin




Conclusion 505

\.pcrimcnling-) The ﬁr‘ml ISSue 1s I?OW 10 combine expertise ang |
‘;‘ ting collaborative filtering algorithms could simply be ey
XH - 32
4 - hts neighbors™ influence on a recomy i .
eights n 1mendation hy (| .
that W Y their expertise. However

. o e ) e _
how much weight l.o asgign is ot clear a priori; expeniments are necessary, and perh

. . ] . DI ]
different combinations will be appropriate in differen circumstances s o

aste information.
aked with another term

22.82.2 Combining Multiple Sources of Preferences

Thinking about combining CXPCF“SC and preference inform
jzation: Pret’erenc?ican be obtained from different sources
able 10 combine different lypc.s of preferences appro
ences in PHOAKS were obtained by mining and
s. However, PHOAKS users were

ation leads to another real-
» and algorithms should be
priately. For example, the prefer-
aggregating opinions from Usenet

message : : able to rate the recommended URLs, and
the system captured usage history (that is, how often each URL. was browsed). Thus

1 the end. we had three sources of preferences about URLs: mentions in newsgroup
messages. usage history, and explicit ratings. How to combine the three types of pref-
erences is a challenge: As above, it is not clear how much weight to assign to a given
type. The analysis of usage hlSlO'l‘y, in particular, requires some thought. For example,
simply counting the number of times users clicked on cach URL as a preference mea-
qure is an obvious strategy. However, one should expect users to click more often on
URLSs that were higher in the display list. Building on this intuition, deviation from the
expected pattern—that is. URLs that were clicked on signi ficantly more or less fre-
quently than expected—probably needs to be considered.

This example also illustrates an interesting general point: Using a recommenda-
tion to make a decision also may yield additional preference data that can be used to
evolve the recommendation. And a single user may play multiple roles—recommen-
dation seeker and preference producer—simultaneously.

22.9 Conclusion

Recommender systems have developed in response to a manifest rleed: hglplmg
people deal with the world of information abundance and overload. l*ur'th.er, it 1tas
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 1ssues flor relcor:(—J
mender systems: (1) how preference data is obtained and.use.d, (2) lhle rg e(s3 g) r?é 4
by people and by computation and the types of commt_mncahor(]J 1121\)10 \r/eese,nmi;m e
rithms for linking people and computing recomm‘endauops, and ( ;l) m‘recom_
recommendations to users. We then identified four major app;oa? :}‘: T
mender systems, which can be distinguished in large part by whic 1;)n Seveml.cml-
address and how they address them. Finally, we closed by Zuggfif lqlgion

lenges that raise important opportunities for new research and application.
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