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In this article we investigate the role of recommender systems and their potential in the educational
and scientific  environment of a Virtual University. The key idea is to use the information
aggregation capabilities of a recommender system to improve the tutoring and consulting services of
a Virtual University in an automated way and thus scale tutoring and consulting in a personalized
way to a mass audience. We describe the recommender services of myVU, the collection of the
personalized services of the Virtual University (VU) of the Vienna University of Economics and
Business Administration which are based on observed user behavior and self assignment of
experience which are currently field-tested. We show, how the usual mechanism design problems
inherent to recommender systems are addressed in this prototype.

INTRODUCTION

Universities worldwide are hard pressed in meeting
the challenges of teaching an increasing number of
students, supporting life-long learning for larger
and larger parts of the population and of dealing
with growing student heterogeneity. At the same
time they must strive to maintain a competitive and
high-level research profile in the face of severe cuts
in funding and in the face of global competition in
the education market [1]. Recommendations for
universities range e.g. from a massive deployment
of information and communication technology in
universities coupled with a move to a common
distance learning and progress monitoring
environment which would lead to a world market in
learning materials as regquested in the famous
Dearing report [2] to a radical reorganization of
universities based on the separation of labor along
the value chain as in the media industry with the
appropriate restructuring of the university system as
predicted by D. Tsichritzis[3].

Surprisingly, market related ideas as the concept
of a market as a decentralized coordination
mechanism with the price system as information
channel [4] or theidea of organizing auniversity as
a marketplace [5] are amost absent from the
discussion. In this article we focus on the metaphor
of a Virtual University as an information market
with a recommender system as market information
channel. The fact that state university systems are
usualy financed from government funds (that is
indirectly) should not be an obstacle to such an
approach. Even if a direct price system eg. for
university courses is missing, market forces are till
operating through means like contractual changes,
adaptation of the product quality, and through
information channels (e.g. word-of-mouth effects)
as F. Hayek already observed [4].

The structure of this article is as follows: In the
next section we specifically explore the potential of
recommender systems in education and scientific

research with regard to enhancing student/teacher
communication, reducing information overload,
addressing user heterogeneity, and team-building.
This is complemented with a section on the design
space of recommender systems and a section on
mechanism design problems for recommender
systems. The next section is devoted to the
description of the design principles, architecture
and recommender services available in the Virtual
University of the Vienna University of Economics
and Business Administration (VU). In the sequel
we discuss, how the mechanism design problems
are addressed in this prototype. Finaly, we
conclude with suggestions for further research or —
alot remainsto be done.

THE POTENTIAL OF RECOMMENDER
SYSTEMSIN EDUCATION AND SCIENTIFIC
RESEARCH

Suppose you just arrived as exchange student at
the Vienna University of Economics and Business
Administration for the first timein your life. Which
lectures do you choose for your exchange term?
Well, usualy you either ask your mentor or you
listen to the gossip of your felow students during
lunch at the university's canteen or you refer to the
student union’s last course evaluation |leeflet.

In every day life thisis a common situation: you
often have to make choices without sufficient
experience of the aternatives. A recommender
system assists and augments this social process [6].
“In a typical recommender system people provide
recommendations as inputs, which the system then
aggregates and directs to appropriate recipients'
[6].

University systems worldwide face the
following challenges today:

1. Teaching growing numbers of students with a
more or less fixed staff size.

2. Supporting lifelong learning for more and
more citizens at a socially acceptable cost.



3. And as a consequence teaching increasingly
heterogeneous student groups.

4. Dedling with information overload caused by
the exponential Internet growth and -what is
often overlooked- the increasing number of
researchers worldwide. (It is said that 90
percent of all researchers ever live today.)

Because of these trends, today the members of a
university, namely teachers, researchers and
students, are a time-starved species. Recommender
systems in education and scientific research help in
meeting the challenges by freging time. In the
following examples we demonstrate the time-
saving potential of recommender systems in a
university teaching and research environment.

Sudent/Teacher Communication

Does modern telecommunication technology
address the bottle neck in the communication
capabilities of a university teacher? No, even with
modern communication technology the number of
students a university teacher can tutor and support
with recommendations is severely limited by the
time needed for each interaction (e.g. meeting, talk,
chat, email, phonecal). An educationa
recommender system, however, addresses this
problem by freeing teachers from the more routine
recommendations, as e.g. ‘| want to make my own
home page. Which book should | read?

Information Overload

Why is the utility of the Internet in education
and research not as high as previousy expected,
despite the fact that almost everything is available
on the Internet? The answer is, because of search
cost and time necessary e.g. for a scientific inquiry
or for finding, comparing and evauating
instructional material. An educational and scientific
recommender sysem has the potential of
substantially reducing these search cost by
aggregating and collecting user-experiences of a
large group of users.

User Heterogeneity

In the university of the future students differ
with regard to their background knowledge, their
professional experience, their preferred learning
styles. Scientists come from different disciplines,
have very special and particular interests and
previous experience profiles. With an educational
and scientific recommender  system  user
heterogeneity can be addressed eg. by sdf-
assessment of experience as explained below.

Team-Building

One of the problems of mass universities is the
increasing social isolation of the individua
student/teacher/researcher. With their capability to
group persons with common interests inferred from
common information product (e.g. a course unit)
buying/usage patterns, educational and scientific
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recommender systems offer the chance of
improving collaboration by building small learning
groups for students or research groups of scientists.

DESIGN SPACE OF RECOMMENDER
SYSTEMS

Recommender systems are among the top rated
products today: For example, Alexa, a Web-
browser plug-in for related links has won PC
Magazine's Best of 1998 Award [7]. Another
important example is Firefly Network Inc. which
was recently acquired by Microsoft, because it is
market leader in the personalization and
personalized recommender business. Relationship
tech like recommender systems is regarded by
visionaries of the new economy like Kevin Kdly as
the key technology for network economies [8].
Several  Internet  companies have recently
introduced recommender systems for information
products ranging from recommendations for web-
sites (URLs) to recommendations for music, videos,
and books (eg. Amazon.com,
http://www.amazon.com).  Internet  marketing
agencies use recommender systems for targeting
customers with specific ads (eg. ActiveAgent
Werbenetz, http://www.activeagent.at). Web usage
mining and web content mining are active areas of
research, seeeg. [9].

Historically recommender systems grew from
the information filtering research of the late 80s and
early 90s which applied information retrieval
techniques for personalized information delivery.
Examples of early recommender systems include
Tapestry [10], Group Lens [11], Fab [12]... They
coined the terms collaborative filtering and social
filtering, mainly with group-ware applications in
mind.

P. Resnick and H. R. Varian [6] classfy
recommender systems according to the following
dimensions:

1. What is the content of a recommendation?
The content of a recommendation can come
in a variety of forms, as eg. a single hit (1
= recommended, 0 = not recommended), a
grade in school, one to five gtars (e.g. for
hotels), or a smple unstructured text, a
reference to an information source in the
fom of an URL, a bibliographic
reference,...

2. Is the recommendation based on user
opinions or observed user behavior? The
emphasis here is on the difference between
explicit recommendations which reflect the
users opinions or implicitly derived
evaluations which are inferred from
observed user behavior. Note, that the
Internet-based infrastructure of a Virtual
University offers a rich environment for
gathering implicit indicators, eg. reading



time of users, mining newsgroups, web
usage mining, ...

3. Is the user anonymous? In a traditiona
university setting, either a teacher knows a
student or not. In the environment of a
Virtual University, however, anonymity isa
matter of degree:

?  Anonymous single purchase incidents,
as e.g. http-transactions in the log of a
statel ess http-protocol .

? Anonymous sessions, e.g. http-server
logs with cookies.

?  Pseudonymous users, that is we know
which sessions belong to a single
student.

?  Attributed pseudonyms, that means in
addition to a pseudonym, the student
has revedled several attributes like sex,
age, discipline, experience, interests,
profession, ...

?  Fully identified. For examsit isalega
requirement that students are identified
by the teacher.

4. How are recommendations aggregated?
This is the richest area for exploration.
Options range from one man — one vote,
weighted and  discounted  voting,
personalized weighting to content analysis.
In addition, we can vary the leve of
aggregation to respect user heterogeneity:
specific for a person, for a group (cluster)
or a segment, or for all users of the system
(globally).

5. How are recommendations used in the
system? For example, as annotation of a
course, as label (e.g. afive star labd for the
highest-rated courses), for ranking a list, for
filtering or discarding negatively rated text-
books, ... In addition, recommendations can
be used for building adaptive user-
interfaces, as e.g. demonstrated by myVU
recommender services.

In addition, the choice of a concrete design on this
landscape for recommender systems must take the
characterigtics of the items being evaluated and of
the user community of the recommender system
into account. For instance, P. Resnick and H. R.
Varian recommend to analyze the following
guestions:

1. What type of item should be evaluated? E.g.
newsgroup articles, Web-sites, home pages, e
mail, course units, business games, software, ...

2. How many items must be evaluated? In many
instances the sheer volume determines the
practicability of what kind of recommendations
can or should be given.
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3. What isthe lifetime of an item? For items with
a very short lifetime (e.g. newsgroup articles)
the timeliness of recommendations is very
important.

4. What is the loss function of the peoples
decision of choosing an item or not? Consider,
for example, the risk of reinventing the whed,
because a researcher has missed a relevant
article.

For the participants in a recommender system P.
Resnick and H. R. Varian identify the following
attributes:

Who are the producers of a recommendation?
What is the density of recommendations?

Who are the consumers of recommendations?
How fast do consumers tastes, needs, or
experiences change?

Ao

Answers to these questions strongly influence the
technical design of a recommender system in
education and research. For example, in a mass
university, a recommender system matching
students with smilar study interests is more
valuable than in a small research university, where
everybody knows everybody.

MECHANISM DESIGN PROBLEMS FOR
RECOMMENDER SYSTEMS

Consider, for example, the effects anonymous
recommendations might have on the reputation of a
teacher or aresearcher. As part of the evaluation of
courses which is required by law in Austria, a
feedback-box which allowed the submission of
anonymous suggestions for course improvement
was introduced at the Vienna University of
Business Administration. In the first version all
suggestions were ingtantly made available to the
general public on the Web, before the responsible
university teacher had a chance to react. After
several cases of abuse by anonymous users, the
procedure of operating the feedback-box had to be
changed repeatedly (restricted access for university
members only, response of teacher required only
for non-anonymous suggestions, ...).

The design of recommender systems poses several
interesting and challenging incentive and privacy
problems [6] which are adso present in an
educational and scientific context:

Free-Riding. As soon as a user has established a
profile of interest | it is easy for him to free-ride by
consuming recommendations provided by others.
This may lead to too few evauations or
unrepresentative evaluations or even mideading
evaluations. Moreover, even with a recommender
system relying exclusively on observed user
behavior this problem may still persist as Avery and



Zeckhauser [13] demonstrate by showing that the
payoffs of the users of a recommender system may
resemble the payoffs in the famous Prisoner’s
Dilemma game.

Biased Recommendations. If anyone can provide
recommendations, it is tempting for content owners
to generate large amounts of postive
recommendations and to damage competitors with
negative recommendations.

Privacy. The quality of (explicit) recommendations
is inversdy related to the degree of privacy.
Moreover, there is a tension between the desire to
gain recognition for good recommendations and the
desire to remain anonymous.

Credibility. Recommender systems which are
financed by advertisers or have other (hidden)
interests in the contents of recommendations must
carefully strive to maintain their credibility with
their readers.

Positive/Negative Feedback Effects. A few early
positive or negative recommendations may lead to a
sdlf-reinforcing feedback loop resulting either in an
exponential increase or decrease in the usage of an
information product. This implies that success or
fallure of such a product may depend on the
random sequence of the first few recommendations
(path-dependency).

Economies of Scale. The bigger the set of users of
a recommendation system, the larger the expected
benefits of each user. That is, if users have the
choice between several recommender systems, they
will choose the one with more users. If severd
recommender systems compete in the same market,
thereis probably only one survivor.

In addition, because of the incentive and privacy
problems inherent in recommender systems
discussed above, we suggest that the following
guestions should be analyzed in depth, when
designing a recommender mechanism:

1. What is the relation between the owners of
items evaluated, operators of the recommender
system, producers of recommendations and
consumers of recommendations?

2. What kind of incentive/privacy problems can
be identified for gpecific design of a
recommender system?

3. What are the risk/threats/benefits for each party
involved?

4. What is the payoff function for all parties
involved?

MYVU: DESIGN PRINCIPLES,
ARCHITECTURE AND RECOMMENDER
SERVICES

In this section we describe the recommender
services of the Virtual University (VU) and of
myVU (http://myvu.wu-wien.ac.at), the collection
of personalized services of the Virtua University
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(http://vu.wu-wien.ac.at) of the Vienna University
of Economics and Business Adminigtration. In table
1 we show, where these recommender services are
Situated in the design space discussed previoudly.

Table 1. Features of VU and myV U recommender

services
VU myVU
Content? URL to URL to
Web-site Web-site
User opinions | User User behavior, self-

or behavior? | behavior assessment of
experience
Anonymous? | Yes, session | Pseudonyms
data
Aggregation | ABC- Context-specific
Method? analysis, market basket
market analysis based on
basket sl f-assessment of
analysis experience, analysis
of purchase history
Use? Ranked In addition: group

lists, specific market
labeling of | baskets and profiles
lists, ranked | of related

market information product
basket lists | groups, personal
favorites (web-sites
or groups)

This section is organized as follows. First, we
concentrate on the design principles in order to
emphasize the economic ideas. Then we discuss the
high-level architecture of the system. Finaly, we
present the recommender services which are
already operational.

Design Principles

The design principles of the VU and myVU
recommender services are based on the key ideas
presented in the following paragraphs.

Information Channels. As discussed in the
introduction we treat the Virtual University as
information market with a recommender system as
information channdl.

Observed Purchase Behavior. We generate
recommendations from observed purchase behavior
for information products. In figure 1 we show a
sketch of the VU broker system.




VU-Broker

i Internet

Meta- Information- .
Information m objects Vlews
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Fig. 1. VU-Broker

Whenever the user follows an externa link from
the Virtual University broker to an information
product (course, course unit, article, bibliography,
management game, quiz, ...) we consider this as a
purchase incident. Use of internal links in the
broker system indicates user preferences for broker
services. Note, that information products in the
Virtual University have a rich meta-data description
which may aso include categorization by several
classification schemes. This corresponds to the
product category structure used in the retailing
industry. Depending on the degree of anonymity of
the user we transfer severa popular analysis
methods of the retailing industry into a scientific
and educational setting.

In the simplest case, anonymous users with http-
transaction log data only, purchase frequencies for
information products and information product
groups are analyzed and used for displaying
frequency-ranked product lists and for labeling hot-
sdling products based on their class in an ABC-
analyss. Even this admittedly simple use of
information strongly influences the choice behavior
of users in online environments as shown by
empirical evidence surveyed by L. Introna and H.
Nissenbaum [14].

The user of the Virtua University “buys’
several information products during a single
session. Such market-baskets which are extracted
by analyzing user sessions are aggregated and used
e.g. to analyze cross-product purchase behavior.

What is the motivation to base a recommender
system on market-basket analysis? As S. Belmann
et al. [15] put it, observed consumer behavior isthe
single most important information for predicting
future purchases, online as well as offline. For
example, they reported that for a recent Internet
survey of the GVU (Georgia Tech Graphics,
Visualization & Usability Center) demographic
data alone explained only 1,2 percent of al online
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purchases. Every transaction tdls a story. Market-
basket analysis in retail-stores show a cross-sdlling
potential of up to 70 percent which waits to be
tapped [16].

A  market-basket contains al information
products which a user has visited (=bought) during
a sesson. From market-baskets we can easly
compute for each information product the
conditional probability distribution of buying an
other information product offered by the broker, if
this information product has been bought. This
congtitutes the documented collective purchasing
behavior of all customers.

If market baskets additionally are labeled with
the pseudo-identity of a buyer, we have the whole
purchase history available for analysis. The
purchase history is a requirement for using
stochastic models of consumer behavior [17]. Even
rather short purchase histories have considerable
value in improving the effectiveness of target
marketing as eg. shown by Ross et a. [18]. We
expect similar results in the educational and
scientific environment of a Virtual University too,
but we do not yet have empirical evidence, because
a the time of writing this article, myVU which
makes use of this information is in use for just 3
weeks. Furthermore, purchase histories can be
exploited for generating fully personalized user
interfaces and thus support heterogeneous user
groups as demonstrated e.g. by the Favorite Entries
and Favorite Categories services of myVvU
discussed below.

Self-Assessment of Experience. We support
user heterogeneity by self-assessment of experience
with respect to a discipline or topic. Users are
offered the opportunity to rate themsdves
according to their own experience in a discipline
or with a topic they are interested in as beginners
(novices), average, advanced or expert users. We do
not have to figure out what experience eg. a
student has in a specific discipline, because he
reveals his experience by sdf-assessment. A
student has a strong incentive for revealing his true
experience, because this maximizes the value of
information product recommended to him. On the
other hand, automatic monitoring of the learning
progress or detecting to e.g. too ambitious self-
assessments of students is possible (although not
yet implemented), because the true experience level
of astudent isreflected in the information products
he selects. Sdf-assessment of experience improves
market-basket analysis by alowing to detect
purchase profiles with a context-dependent
experience dimension.

Economists call this principle self-selection [19]
and it is a the heart of designing product-linesin a
profit maximizing way. The key is to identify
dimensions of an information product which
differentiate customers and to offer different



versons of the information product which
emphasize these differences.

Evolution. Evolutionary algorithms are based
on the interplay of a fitness-biased sdection
operator (survival-of-the-fittest) and of a random
mutation operator. The survival-of-the-fittest
selection operator is responsible for the exploitation
of information expressed in the sample population.
A search agorithm which uses only such a
selection operator would quickly converge to a
population containing only multiple copies of the
best solution from theinitial sample. Theraole of the
mutation operator is the exploration of information.
A mutation operator explores the neighborhoods of
solution candidates by drawing trials from such a
neighborhood. John H. Holland showed that a
balance between the exploitation and exploration of
information is required in order to obtain
evolutionary algorithms with efficient search
behavior [20].

Several features of recommender systems as e.g.
ranked lists and labeling of recommended items
influence the choice behavior of users similar to a
fitness-hiased sdection operator, that is a
recommender system functions in the same way as
an interactive evolutionary algorithm based on
fithess-biased sdection only. This has raised
considerable concern that users of recommender
systems tend to reduce their information
exploration efforts over time and rely on a narrow
collection of information sources. We address this
concern with the help of mutation operators for
generating random lists or for sdecting random
items for stimulating the curiosity of users.

Scalability. Recommender services in a virtual
university must support a large population of users.
Real-time monitoring of user behavior, aggregation
of recommendations and on-the-fly generation of
user interfaces are computationally expensive and
hard to distribute. To make the system easy to
distribute and more scalable, we adopt the strategy
of reducing real-time requirements as much as
possible by weakening consistency requirements
accordingly. More specifically, this implies that
only logging of user behavior and explicit user
interactions (where the user expectsto see the result
of his action immediately) are processed in real-
time. The process of aggregating recommendations
and the adaptation of user interfaces are processed
for each recommender service by an agency in the
background at regular intervals. The reason that this
is a workable compromise is that, at least within
one user-session, repeated changes of the user
interface are perceived by most users as irritating,
because these changes require a continuous
reorientation of the user and thus may increase his
search time. Parts of the user interface are
precompiled, parts are incrementally compiled and
memoized. In principle, this allows a coarse
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grained  didtribution of agents for each
recommender service and each step in the process.

Architecture

The architecture of the system follows from the
design principles explained above. Figure 2 shows
the generic pattern of an agency of loosaly coupled
collaborating agents which is common to the
recommender services in VU and myVU. The
agency consists of three types of agents, namely
observation agents, aggregation agents, and
recommendation agents.

Observation
Agents

+

Raw Session
Data

¥

Agaregation
- - Agents

User Pseudo +
Anonymous Product Ranking,
Profiles @ Purchase Histories,
T Warket Baskets. ..

Recommendation
Agents

Behawviar

Recommendation

Fig. 2. myVU Architecture

Observation Agents observe the behavior of
the user and produce raw transaction logs. In the
current implementation observation agents are
redlized by two mechanisms. the standard http-
transaction logging of a http-server combined with
session cookies and the recording of actual
purchase incidents in the VU and myVU broker
systems. Pseudo-anonymity is achieved with an
additional myVU cookie containing a pseudo-
identity with which an anonymous purchase history
of auser can be established over several sessions.

Aggregation Agents anadyze the raw
transaction logs produced by the observation
agents. The myV U specific aggregation agents have
access to  user-specific,  pseudo-anonymous
experience profiles which alow for a group-
specific analysis. Typical results of aggregation
agents are product frequency rankings, ABC-
analysis of products (products in class A account
for eg. the first 60 percent of purchases, products
in class B for the next 30 percent and products in
class C for the rest), market baskets, the
conditional probability distribution of cross-sdling,
purchase histories at various aggregation levels
(e.g. individual, experience group, ...).

Recommendation  Agents  convert  the
intermediate statistics generated by aggregation
agents into recommendations. In the current VU
and myVU environment recommendations come in



the form of labels, ranked lists, navigation
structures, and statistics.

Users receive recommendations in various
forms, may incrementally reveal their discipline
specific experience by self-assessment and produce
traces of their “buying behavior” by using the VU
and myVU systems.

The advantage of this architecture is that it is
scalable and that it can be incrementally improved
as more sophisticated recommender services are
developed.

Recommender Services

The recommender system of the VU provides
several classes of services. The classes differ in the
degree of privacy, and the level of aggregation for
clustering. In the following we present our services
ranging from services, that work with preserving
total anonymity to fully personalized services. In
the VU the following recommender services are
currently available:

? Information product lists ranked by purchase
frequency or by score (a ssimple measure of
relevance).

? Labding of information products like HOT for
class A products.

? Bar charts indicating the relative purchase
frequency to the best-sdlling product.

? Others also use provides for each information
product a list of other products sorted by the
conditional probability of a cross-sdling
incident. This service works well for very
specific research areas due to self-selection, i.e.
by searching for information about this subject
a student or aresearcher identifieshimsdf asa
potential member of the group interested in this
subject. For general recommendations in an
educational context (eg. which marketing
lecture should | attend?) this system, due to the
lack of information about the user’s experience
in thisdiscipline, is only of limited use.

In Figure 3 we show a screen shot with examples of
these services. The screen shot shows a list of
references to educational material for artificial
intelligence available on the Web. Thelist is ranked
by purchase frequency. Next we describe the
recommendations available for the first list item,
with the title agent (Definition and Links from
webopedia), in Figure 3. It is labded HOT
indicating that it is a class A product. The bar chart
below indicates that it reaches 40 percent of the
sales of the best-seller. Finally, Others also use, the
last dlement for this item is a link to cross-sdlling
products shown in Figure 4. The second reference
in figure 4 leads directly to a lecture on intelligent
Internet agents. This service helps students to find
highly rdlevant material for a topic. A teacher can
analyze which other information products are used
by his students.
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In the near future we plan a variant of this service
which can be used for automatically generating link
collections specifically for alecture.

All of these anonymous services assume a fully
homogenous user group in terms of knowledge,
learning style, interest, ... However, for modern
universities this assumption is highly unredlistic
and it is redtricting the benefits of students and
rescarchers.  The personalized  recommender
services of myVU address this problem. Note,
however, that myVU is ill a prototype under rapid
development. In figure 5 we show the main page of
the myVU prototype. The following recommender
services are available at the moment:

? Favorite Entries are a list of a user’s most
frequently used information products. For each
product the Others also use service described
above is available. In addition, a group specific
recommender service based on self-assessment
of experience is offered. This service is only
avalable, if the user has revedled his
experience level previoudly. Experts also use
from this category, for example, shows an
expert user (who is expert in a specific
discipling) the list of information products
most frequently used by other experts in the
same discipline. At the top of the list under the
heading Discover VU! a randomly selected
information product is prominently displayed.
The purpose of this service is to increase the
curiogity of the user and to promote the
exploration of the VU.

? Discover Entriesis a list of several randomly
selected products from the VU to encourage
explorative behavior of students.

? Favorite Categories are a list of a user’s most
frequently used product categories. In the
virtual university all products are classified
with respect to a hierarchical classification
scheme. Others also use for categories is
similar to Others also use for entries described
above. It is based on the conditional probability
distribution that a user buys a product from one
category also buys a product from another
category in the same session. The service
displays the list of categories sorted with
decreasing probability that he aso buys a
product from these categories. Experts also use
from this category is the same service as
presented for entries. However, users are
offered an additional access path starting from
acategory.

? Discover Categories is a list of severa
randomly selected categories from the VU with
the aim of probing the structure of the VU's
hierarchical classification schemes.



To provide the group-specific services based on
user discipline-experience profiles myVU supports
incremental self-assessment of experience for
categories which the user has visited in a previous
session. In the current implementation, profiles can
be displayed and edited. The display of a usar’s
recommender profile condtitutes a rudimentary,
alternate user interface with considerable potential
for future improvements as e.g. discipline specific
learning progress monitoring and consulting.

In addition, myVU provides authentication for
other distributed services as eg. the university’s
digital library and personalized services as eqg.
bookmarks or a newswire,

MYVU: ADRESSING THE MECHANISM
DESIGN PROBLEMSFOR MARKET
INFORMATION CHANNELS

In this section we will discuss how the
mechanism design problems are addressed in the
myVU system.

Free-Riding. All  recommender services
presented in this article are based on observed user
behavior. Use of the VU or myVU system
automatically generates raw data. For more than 50
percent of the information products in the VU
anonymous recommendations exist after 6 months
of use. (On February 18, 2000 for 4184 information
products of a tota of 7875 in the VU
recommendations were available) This seems to
indicate that for unobtrusive recommender services
like the VU the argument of Avery and Zeckhauser
[13] does not apply. The myVU recommender
services work on a tit-for-tat basis. Group-specific
recommender services are only available after self-
assessment of experience.

Biased Recommendations. Behavior based
recommender systems like VU and myVU make it
impossible to damage competitors with negative
recommendations. Generating positive
recommendations is dill  possible, eg. by
repeatedly visiting the same product with the intent
of improving ranking and labeling. However, doing
this requires time and, because of the adaptive
behavior of the system it must be done repeatedly.
To make biasing of information harder, we plan to
analyze the repeat-buying behavior of users.

Privacy. Pseudonyms are used for all
personalized services to protect the privacy of
myVU users. We use a pseudonymous user profile
to store self-assessment information, and the same
pseudonym is used to attribute sessions to users.

Credibility. VU and myVU are financed by
research grants and is a project of the Vienna
University of Economics and Business
Administration.
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Positive/Negative Feedback Effects. We

address positive and negative feedback effects in
myVU with the mutation operators behind the
various Discover VU! services which are copied
from evolutionary algorithms. An anayss of the
effects of these servicesis not yet available.
In the VU setting, positive feedback effects are
caused by frequency ranked lists and for products
carying a HOT labd. Both types of
recommendations sow down or even prevent new
products from being used. To reduce this problem
we introduced the NEW marking and present these
products always on top of ranked lists. In addition
we intend to integrate Discover VU! like services
into the VU system.

Economies of Scale. Growth is an important
success factor. To promote the VU and myVU
systems we frequently publish in interna
newdetters for students and lecturers as well as in
mass media (1997: 4 publications, 1998: 9
publications and 1999: 27 publications), we
integrate our services into the university’s
information systems, we offer tutorials and
introductions, and we run E-mail campaigns. We
cooperate with an increasing number of the
organizational units and research projects of the
university.

FUTURE RESEARCH

Informal initial user responses to the system,
especially by students, have been very favorable.
However, an in-depth study of user acceptance and
a field-experiment are scheduled for the summer
term 2000. Severa interdisciplinary research and
devel opment projects are on our agenda:

? Discipline  specific  learning  progress
monitoring and consulting.

?  “Purchase profile’ identification and analysis
(eg. what bundle of information products
supportsthe author of aresearch article, ...).

?  User interest profiles and demographic data.

? Analysis of the proper adaptation rate of user-
interfaces.

? Andysis of the impact of recommender
services on user behavior.

? Anayss of the dynamic development of a
recommender system (models of diffusion
processes, prediction of critica mass and
phase-shifts, non-dationarity, detection of
changeg, ...).

? Visudization of the preference neighborhood
of information products.

? Construction of user, task or group specific
portals from aggregated cross-buying analysis
for categories of information products.
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Virtual University: Materials Collection
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Fig. 3. Examplesfor VU recommender services
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Feople who have used the 1. entry also used the following other entries:

1. agent {Definition and Links from webopedia) HOT
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— (%Y - Score: 0 - English
Open in new window - myWU Bookmark - Others also use
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#
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Fig. 4. Example for Othersalso use
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5 my¥U - Netscape
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Personal Services Welcome to myW1J, hahsler. If you didn't login as hahsler, please logout.

The Virtual University

5o to Menu Go to Virual University Logout

Living Lectures Tools & Manuals
W Information WU Library
Materials Collection Fecreation

Search Yl |

il |Dokument: Ubermittelt

Fig. 5. Personalized Services of myVU

LINKS

The reader is welcome to visit the Virtual University of the Vienna University of Economics and
Business Adminigtration at http://vu.wu-wien.ac.at and try the myVU personalized services at
http://myvu.wu-wien.ac.at

ACKNOWLEDGMENT

We gratefully acknowledge the financial support of the Jubildumsfonds of the Austrian National Bank
under Grant No. 7925 without which myVU would not have been possible and remain still avision.

REFERENCES

. S. Hailesand R. Hazemi, Reinventing the academy, pp. 7-24, (1998) in [21].
. R. Dearing et a., NCIHE - The National Committee of Inquiry into Higher Education,
(1997). http://www.leeds.ac.uk/educl/ncihe
3. D. Tdchritzis, Reengineering the university, Communications of the ACM, 42(6):93-100
(1999).
4. F. A. Hayek, The use of knowledge in society, The American Economic Review, 35(4): 519-
530 (1945).

. C. Alexander et al., A Pattern Language, Oxford University Press, New Y ork (1977).

. P. Resnick and H. R. Varian, Recommender systems, Communications of the ACM, 40(3):
56-58 (1997).

. D. Willmot, PCmagazine best of 1998 — Alexa, PC Magazine Online, January (1999).

. K. Kdly, New Rules for the New Economy — 10 Radical Srategies for a Connected World,
Viking Penguin, New Y ork (1998).

9. F. Masseglia, P. Ponceet, and M. Teisseire, Using data mining techniques on Web access
logs to dynamically improve hypertext structure, ACM  sigweb Newdletter, 8(3):13-19
(1999).

10. B. M. Oki, D. Goldberg, D. Nichols and D. Terry, Using collaborative filtering to weave an

information tapestry, Communications of the ACM, 35(12): 61-70 (1992).

N -

o Ul

0 ~



Page 11/11

11. P. Resnick, N. lacovou, M. Suchak, P. Bergstrom and J. Riedl, GroupLens: An open
architecture for collaborative filtering of netnews, Proceedings of ACM CSCW 94
Conference on Computer-Supported Cooperative Work, Sharing Information and Creating
Meaning, 175-186 (1994).

12. M. Baabanovic and Y. Shoham, Fab: content-based collaborative recommendation,
Communi cations of the ACM, 40(3): 66-72 (1997).

13. C. Avery and R. Zeckhauser, Recommender systems for evaluating computer messages,
Communications of the ACM, 40(3):88-89 (1997).

14. L. Introna and H. Nissenbaum, Defining the Web: The politics of search engines, |IEEE
Computer, 33(1):54-62 (2000).

15. S. Bdlmann, G. L. Lohse and E. J. Johnson, Predictors of online buying behavior,
Communications of the ACM, 42(12): 32-38 (1999).

16. T. J. Blischok, Every transaction tels a story, Chain Store Age Executive, 71(3):50-62
(1995).

17. U. Wagner and A. Taudes, Stochastic models of consumer behaviour, European Journal of
Operations Research, 29(1):1-23 (1987).

18. P. E. Ross, R. E. Mc Culloch and G. M. Allenby, The value of purchase history data in
target marketing, Marketing Science, 15(4):321-340 (1996).

19. C. Shapiro and H. R. Varian, Information Rules. A Srategic Guide to the Network
Economy, Havard Business School Press, Boston (1999).

20. J. H. Holland, Adaptation in Natural and Artificial Systems, The University of Michigan
Press, Ann Arbor, Michigan, (1975).

21. R. Hazemi, S. Hailes and S. Wilbur (eds), The Digital University: Reinventing the
Academy, Springer Verlag, Berlin (1998).

Andreas Geyer-Schulz is professor at the Department of Information Business of the WU-
Wien since 1997. He is head of the Virtual University project of the WU-Wien which has been
in the finals of the Global Bangemann Challenge in 1999. He is specialized on genetic machine
learning and its application in eectronic markets and information services. His current research
interest is in market design, intelligent Internet agents for the support of virtual organizations,
and the development of strategies in a network economy. From 1991 — 1994 he was professor
for Management Information Systems at the University of Augsburg, Germany.

Michael Hahder is the winner of the 1997 WU innovation award. Since 1998 he is ass stant
professor a the Department of Information Business of the WU-Wien. He teaches object-
oriented programming and works on the Virtual University project of the WU-Wien. His
current research interests are in object-oriented analysis and design methodol ogies and on the
integration of intelligent Internet agentsinto Internet-based information systems.

Maximillian Jahn obtained his masters degree in psychology in 1999 from the University of
Vienna, Austria. He isworking as research assistant at the Department of Information Business
of the WU-Wien on the recommender systems project of the Virtual University. His current
research interests are in developing adaptive, intelligent user interfaces for Internet-based
information systems.



