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1 Project Summary

Collaborative filtering is a new method for retrieving information. Instead of basing the
search on the content in the information units, a collaborative filter or recommender system
uses databases of user ratings as a basis for predictions. From our user studies we see that
collaborative filtering can be of great help to users when they search for information. In order
to be truly useful collaborative filtering needs more research. Specifically, we have seen that
it can be improved by exploring new ways of explaining to users why they get a particular
recommendation. Secondly, for some application scenarios, collaborative filtering has to work
in networks where there is no central server — thus requiring a decentralized recommender
model. Finally, it is necessary to find ways of combining traditional content-based methods
for information filtering with collaborative information to improve the filtering process and
solve some of the problems with collaborative filtering.

ENCORE aims to tackle these three problem areas and package the resulting solutions in a
general-purpose recommender platform. The platform will be applied in two very different
applications to investigate its feasibility and integration qualities in different domains and for
different tasks. Together with IFS AB (Industrial and Financial Systems AB) we will inte-
grate the platform in their main product IFS Applications, which is a professional system for
customer management and resource planning. The second application is a research prototype
for position-based mobile information filtering. In both cases, the applications will be evalu-
ated with end users.

2 Project Objectives and Relevance

The goal for a collaborative filter is to predict a user’s preference regarding some set of titles:
books, news articles, or perhaps radio channels. To do this, a collaborative filter use ratings
from a database of users (either from all users or a subset of the users in the database). The
filter can then be used in either of two ways: users can explicitly ask what the system believes
they would think about a certain title, or users can ask the system to return a ranked list of
titles the system thinks they like. Since collaborative filters try to suggest titles that a user
would like, they are often called recommender systems.

Collaborative filtering is especially useful to filter out information that is not text, since it is
difficult to do any content-based analysis on that type of data. For this reason, many e-
commerce companies have adopted variants of collaborative filtering as a way of guiding us-
ers to the product that fits their need. The idea is that in the same way you get recommenda-
tions from your friends, you could get recommendations from a set of anonymous users also
interested in, for example, the same books as you are. Companies such as amazon.com and
CDNow use collaborative filtering successfully.

To date, collaborative filtering has not been used for finding more expensive items such as
holiday travels [10]. One explanation for this is that a user can risk going to a movie, but is
more reluctant to choose a holiday destination solely based on a recommendation from a set
of anonymous peers. When collaborative filtering becomes more elaborate and integrated
with other techniques for finding information we believe that it can be used to find other types



of data. There are a number of issues that needs to be resolved before recommender systems
becomes truly powerful tools for navigating and filtering out information, to name three:

Decentralization: Traditional recommender systems depend on a central server that keeps
track of and matches user profiles. In networks where there are no such servers how can
“matching” of similar users still be carried out?

Extended filtering methods: Collaborative filtering relies on the ability of matching user
profiles and will work poorly when little information has been collected, e.g. the bootstrap-
ping problem [22].

Explanations: A common problem found in recommender systems is how to convey a rec-
ommendation to a user. If a user understands how or why she gets a particular recommenda-
tion she can better judge the quality of the recommendation [23].

ENCORE will (1) investigate scenarios where there is no central repository of user profiles
and how that will effect both content-based and collaborative filtering, (2) deliver methods for
how to combine content-based and collaborative filtering in order to get more powerful fil-
tering thus alleviating, for example, the bootstrapping problem, (3) tackle the problem of ex-
plaining recommendations to users, (4) make available a public platform for information fil-
tering, hereafter named SIRE. The platform will encapsulate the novel techniques developed
within the project. Finally, ENCORE moves away from the traditional domain for recom-
mender systems and together with IFS AB integrates recommender functionality into corpo-
rate systems using the SIRE platform.

2.1 State of the Art

Collaborative filtering has its foundation in the broader research field of social navigation
[24]. The model for a collaborative filter is simple: collect and store user profiles at one cen-
tral location and when a recommendation for a user is needed match other users profiles with
that user’s profile and recommend items that the users has not yet seen. In Amazon.com, for
example, collaborative filtering is used for recommending all sorts of products. At a technical
level collaborative filtering could look slightly different:

Memory-based Prediction. Memory-based prediction uses a nearest-neighbour approach to
find a subset of all users that have the most similar preference history as the active user [11].
The advantage of the memory-based scheme over other methods is that its structure is dy-
namic and immediately reacts to changes in the user database. The downside is that user pro-
files are matched against each other every time a prediction is needed, a process that can be
slow and require large amounts of memory.

Model-based Prediction. In model-based collaborative filtering, the user database is run
through an algorithm that builds a model of that data in terms of the probability that a user
would like a given title depending on what she has done in the past. In terms of predictive
accuracy the model-based schemas perform as well as memory-based prediction [2]. The
model-based prediction does not suffer from the performance and memory bottlenecks found
in memory-based prediction. However, once the model has been built it is difficult to update
it without rebuilding it.

Inverted file prediction. To overcome the shortcomings with the memory-based model and
still have a scalable solution as in model-based filters we have suggested an approach that is
built around an inverted file structure [4] in the same way as most text retrieval systems are
built. Data is inverted so instead of having user profiles containing items, each item contains
all users that have voted on that particular item. From experiments we see that this structure is
superior to the classical memory-based approach in terms of speed. Furthermore, initial find-
ings indicate that not all votes are equally important. By removing the ratings for certain
highly frequent items it is possible to improve the overall precision of the system.



Previous work by project participants

At the Social Computing group we have looked at several ways of doing information naviga-
tion, from pure social navigation (e.g. allowing people to directly communicate with each
other or visualizing their traces in space [24]) to advanced techniques for content-based in-
formation extraction based on machine learning. As a result of this research, three platforms
have emerged: the Social Navigator [24], an initial prototype of the SIRE platform [5] and a
text retrieval system. SIRE has been used in three different systems: Kalas, RIND and
GeoNotes. Kalas [12] is a social navigation system for finding recipes. It uses collaborative
filtering for recommending recipes to users. RIND [6] uses recommendations to guide users
in the process of configurating a PC. In systems such as RIND, which essentially uses content
and collaborative filtering as a way to guide people, it is clear that the methods should be
combined and not kept apart. GeoNotes [7] is a mobile system for populating the “real world”
with virtual post-it notes, where users can filter or view only those notes that are selected
from a collaborative filter.

IFS has explored the possibilities with various collaborative filtering techniques, for expert
localization, as well as searching and filtering of information both in intranets and the Inter-
net. Particularly, a working prototype of a future IFS Applications featuring expert locating
has been shown at a customer conference.

From our work at the forefront of mobile, ubiquitous and social computing systems, we see
that new technologies and usage patterns put new demands on collaborative filtering systems.
It is crucial to investigate how and what can be done with collaborative filtering in mobile
systems. There are certainly opportunities; the fact that users have a physical context ought to
be information that can be used by the collaborative filter. It is also true that when users are
moving through space they are not interested in one type of item. Depending on their physical
location they want different sets of recommendations.

2.2 Scientific and technical objectives

The prime target for the ENCORE project is to create a general-purpose recommender system
that works well in a variety of domains and settings — from centralized anonymous systems to
decentralized systems. We want to create collaborative and content-based methods for filter-
ing, access, and visualization of information that is driven by the user’s needs.

ENCORE has the following scientific objectives:

o Increase trust in recommender systems through developing new visualization and expla-
nation models.

o Use recommender systems to recommend people rather than items, turning the systems
into expert locators.

o Explore the possibilities of using recommender systems to create and sustain communi-
ties.

o To investigate how a user’s physical context can be used as input to a filtering system
o Develop algorithms for combined content-based and collaborative filtering.
ENCORE has the following technical objectives:

o Create a filtering platform that uses a decentralized architecture.

o Create a filtering platform that combines collaborative and content based filtering.

o Integrate the filtering platform into an existing large-scale information management sys-
tem.



o Create three scenarios in which the research objectives are exemplified and implement
these as prototypes.

2.3 Industrial relevance

There is an increasing demand on systems that filter and help people find the information they
need. Collaborative filtering has been proposed as one method in this process. Many on-line
stores use collaborative filtering to recommend products to people. There is also a need for
social systems that in one way or the other let people get in contact with each other. Our part-
ners operate in different domains (i.e. IFS and Volvo IT) but both see a potential gain in col-
laborative filtering.

The sheer amount of information available in today's business systems is huge, and the trend
is that it increases at an even higher rate by each year. But still, most of the information
needed by users is only in peoples' heads. To be able to both cope with a large information
space and to utilize the vast source of knowledge that the users of our system represent there
is a need for new approaches to navigation and information retrieval. Recommender systems
promise a lot in both these areas as they can be used for both expertise location and collabo-
rative information filtering. This has been recognized not only by IFS but also by their com-
petitors (e.g. SAP with their NetWeaver initiative) and by industry analysts, e.g. [15].

Previous research in organisational settings, e.g. at Volvo, show that great benefits can be
obtained from utilising social navigation in industry [18, 19]. The result from the Volvo
studies suggest that in job-based organizations, employees cannot be encouraged to contribute
to the success of external projects without returning tangible benefits also to their own orga-
nizational unit. We have to recognize that work increasingly is performed not by isolated
workers but by cross-organisational project groups and that sustainable knowledge creation
and business innovation depends on mixing input from a variety of competencies. The ambi-
tion to increase the level of trust and to facilitate the establishing of communities that EN-
CORE is aiming for is thus highly relevant to the industry.

The work at Volvo also showed that although being in an organisational context where con-
tent and activities can be expected to be work related, personal integrity and privacy are
nonetheless important aspects to consider when leveraging interests. More research is there-
fore needed to understand the trade-off between giving up personal details and gaining tangi-
ble benefits. Industrial settings, as opposed to the web in general, are however better suited
for solutions that build on personal behaviour and individually expressed preferences and the
ENCORE project is likely to do well in collaboration with industrial partners.

2.4 Relevance for program

The ENCORE project is very much in line with current and future research. We see an
emerging demand for collaborative filtering systems that are decentralized and work in ad-
hoc and peer-to-peer networks. By combining social and content-based information we can
create hybrid recommender systems that better support users in finding the information they
need. In the near future we see a need for recommending people (instead of information), for
building trust in recommendations and creating communities.

ENCORE fits well into the framework of VINNOVA’s NETPROG as it (1) develops a filter-
ing platform that will work in peer-to-peer networks and (2) is based on collaborative filtering
techniques which allows a system adapt to individual users’ need and preferences.

ENCORE is a joint project between SICS and IFS AB. The aim is to clearly show the poten-
tial benefit with collaborative filtering for the Swedish industry. We will, within the project,
actively develop scenarios that are consistent with how IFS customers work on an everyday
basis and use the SIRE platform to strengthen IFS competitiveness. At a research level the



collaboration will force us to take into account how research can be transformed into usable
technology for the industry.

3 Work packages

ENCORE is planned to start July 1, 2003 and run for three years. We are, however, already
working with some of the issues in ENCORE since October 2002 with funding from SSF.
This has allowed us to, for example, produce one licentiate thesis [5]. The funding also en-
ables us to early on in the project have a working prototype of the SIRE platform. Further-
more, IFS will incorporate some aspects of the SIRE platform and develop the prototypes dis-
cussed in WP 1 before the project starts.

ENCORE has a total of 48 person months divided over 7 work packages.

3.1 WP 1: Scenario development and prototyping
Coordinator: IFS together with SICS

Person months: IFS 5, SICS 3

In ENCORE the research objectives and technical objectives will be exemplified in different
scenarios that serve to illustrate how information filtering could be used in different contexts.
Two scenarios are directly applicable to real-world working situations. To give us freedom to
fully explore the research objectives in ENCORE a third scenario will be developed that has
few technical limitations.

Scenario 1: Adam B. is a salesman at a global corporation selling complex products. He has
got a lead indicating that a company is looking for a solution his own company can satisfy.
By closer specifying the potential business in the customer relations management (CRM)
system he finds out that they've had five previous contracts involving similar companies,
where three have been profitable. He gets recommendations on how to approach the company
and he starts to work out his strategy in the system. He also finds out that two other salesper-
sons, which were involved in the previous contracts, are available for discussion. Together
they agree on a strategy for Adam to approach them.

Scenario 2: Eric F is a field technician. While replacing a broken component on a machine
Eric notices that another component shows some wear. He suspects that this will eventually
lead to that the component breaks down, and needs to be replaced. He writes down a service
request, which is immediately transferred to an issue tracking system. A short while later he
receives an SMS telling him to call Greg H to discuss the need to replace it immediately.

Scenario 3: A person is visiting Dublin for the first time. Being in the hotel lobby, she is go-
ing through the maps and information on places to visit available at the front desk. Not
knowing which to choose, she picks up her mobile phone and asks for recommendations on
interesting places to visit. The phone connects to other users’ phones in the lobby. The phone
connects to those users and, by comparing public profiles, finds a number of users similar to
her. From these users, a number of places are recommended. Being both surprised and happy,
she walks out the lobby and sets her direction to the King’s Theatre, to see a play written by
one of her favourite playwrights.

Approach

The three scenarios will be described in more detail, specifically in terms of how they make
use of the functionality provided by the SIRE platform. The scenarios will be implemented as
concept demonstrators.

Either scenario 1 or 2 will be chosen for an in-depth field study. The procedure will be to
study how a salesperson or field technician find and make use of information in their daily



activities. The method we used in [9] will be applied. One or possibly two of IFS customers is
chosen for the study.

Deliverables
D 1.1 Description and demonstrator of scenario 1 and 2

D 1.2 Description and demonstrator of scenario 3

3.2 WP 2: Decentralized filtering
Coordinator: SICS

Person months: SICS 9, IFS 2

Much research has been devoted to solutions for centralized recommender systems. What has
been missing is a decentralized approach since not all domains are suitable for centralized
recommender services:

o Domains where all computer power resides on the client such as ad-hoc networks where
nodes constantly enter and leave the network [25].

o Domains where the users’ privacy is of great importance. Collecting all user preferences
at a single place might yield the data to unauthorized intruders or lead to unauthorized ac-
cess and use by the service provider. In a decentralised network the user preferences
could be spread among many peers, not all at one place, and the peers might co-operate to
protect each other’s privacy [8].

o Domains where the service availability is critical or where the users do not want to rely
on a single service provider. In centralized recommender systems users are entirely de-
pendent on the service provider for the service. If well designed, a decentralized recom-
mender can continue to exist albeit the original provider vanishes.

There are two properties that affect the architecture of a decentralized recommender system:
where information is stored and where recommendations are computed. Figure 1 depicts 9
possible setups between storage and computation. Each setup will affect what type of recom-
mender system that is feasible (i.e., peer-to-peer, ad-hoc, decentralized, and centralized).
Starting from a division between storage and computation we want to investigate how a de-
centralized recommender system might work and for what type of application scenario.

In decentralized recommender systems clients could come and go, meaning that not all users
are accessible at any given point in time, which will also affect the accuracy of the system. In
ad-hoc networks, where only a small number of users are connected, this can potentially lead
to low quality recommendations. On the other hand, a person’s context can outweigh the
smaller set of users. It is often the case that people that are at the same location share a com-
mon interest (cf. being in the hotel lobby). In decentralized networks that are not based on
physical location the same properties may apply. That is, there are possibilities in treating cli-
ents as “near” to each other. For example, in a peer-to-peer network where one client often
accesses another client this could be an implicit indicator that they share some common inter-
est, and thus, should be grouped together.

There are certainly technical problems that need to be solved with decentralized recommender
systems. In centralized models, it is common to include both local and global properties of the
information collection for placing a priori weights on items such as documents and users [2,
27]. This combination has a great impact for the accuracy of the system. In a decentralized
setting the global properties are more difficult to extract, or even impossible. New ways of
weighting information, perhaps based on sub-global properties and context parameters, is
necessary to cover this gap. In terms of speed, decentralized collaborative filtering will not
match a server-based approach, given that neighbourhood selection is based on exhaustive



search. However, we have already shown that some pruning strategies can be applied to col-
laborative filtering [4] to reduce the search space.

Approach

There are four key issues that we want to investigate for decentralized recommender systems:
application scenarios, accuracy, speed, and recall. Scenario building will be based on litera-
ture surveys and analysis of different network configurations (see Figure 1). To investigate
the accuracy (or predictive power) of the decentralized model we will compare the recom-
mendations with a traditional client-server solution. In terms of speed it is more complicated.
We anticipate that it is necessary to simulate peer-to-peer networks and evaluate the recom-
mender system by simulation. Several different networks are needed to cover most possibili-
ties of how real networks could look like. Another possibility is to make a real world study of
a large peer-to-peer network, something that is investigated in the MOSES project (see 4.1)

Deliverables

D 2.1 Theoretical paper on decentralized collaborative filtering
D 2.2 API specification

D 2.3 Final code

1 client 2+ clients Server
M/A NSA Ad-hoc p2p Static Client/Server
1 client
Centralized Mo Server Decentralized| Mo Server Decentralized Server
Ad-hoc P2P Ad-hoc P2p Static P2P+C/S
2+ clients : :

Decentralized | No Server D+C MNo Server Decentralized Server
Static Client/Server Static P2P+C/S Static Client/Server

Server Decentralized Server Decentralized Server Centralized Server

Figure 1. Properties of recommender system architecture when splitting the storage of information
(rows) from the computation of a recommendation (columns). Each cell defines a particular type of
system.

3.3 WP 3: Combinations of information filtering methods
Coordinator: SICS

Person months: SICS 5, IFS 2

In collaborative filtering, there is no distinction between items that have the same set of votes
or opinions. A tentative solution to this problem is to categorize items on the basis of their
textual content. In text filtering, on the other hand, items may have similar content but it is
hard to automatically separate items of low and high quality. Collaborative information such
as votes, opinions and usage patterns is a possible starting point for categorizing items on the
basis of their qualitative properties. To tackle these and related problems, we will investigate
how collaborative and content-based algorithms and representations may be combined to
improve filtering performance.

Different types of combinations have already been proposed in the research literature [3]:
meta-learning methods, weighted combinations etc. The focus has been on how to combine
existing algorithms rather than selecting well-founded algorithms to work on more



sophisticated representations. Our approach is to use and extend state-of-the art
representations of text content and collaborative information, and use robust machine learning
algorithms.

Representation

Textual content is traditionally represented by word frequency vectors. There are several
well-known problems with this simplistic representation. For example, it is not clear how to
capture and treat synonyms and polysemic words.

State-of-the art techniques capture word usage patterns by utilizing vector space models that
reduce the dimensionality of the problem space. One such example is Latent Semantic
Analysis (LSA) [16], which transforms the representations of terms and documents matrix
into vectors in a semantic space. The technique is based on an orthogonal transformations of a
large sparse matrix, and is in many practical cases not feasible due to its high computational
complexity. Recently, this matrix decomposition technique has been successfully applied to
collaborative filtering [21].

Another, more recent, method is Random Indexing [13, 14], which relaxes the constraints on
the transformation; instead of requiring orthogonal transformations it is based on near-
orthogonal vectors, reducing the computational complexity considerably. The technique is
very flexible with regard to managing new data. In contrast to methods such as LSA, Random
Indexing can easily be applied to dynamical data sets where the information continuously
changes and grows.

Machine learning filtering algorithms

As all information filtering algorithms stem from the broader field of machine learning, we
will use and extend several known machine learning methods. Extending an algorithm in this
sense is to incorporate background knowledge of the learning problem at hand, thus making
the algorithm better informed, more accurate and hopefully more predictable. Background
knowledge in our case will be information about word and concept relationships, and
knowledge of collaborative usage patterns.

For the machine learning algorithms, we will focus on Kernel-based methods such as Support
Vector Machines [26], local learning [1], and Bayesian techniques [17]. These methods are
robust, fairly scalable and can incorporate background knowledge.

Approach

Research within collaborative filtering is starting to get some de facto standards and methods
for evaluating recommender systems [2, 11]. They consist of standard metrics (e.g. ROC
curves and Rank Score) and datasets (e.g. EachMovie and MSWeb). By using several existing
data sets, we can compare combinations of content-based and collaborative methods with
existing approaches to show how our approach will deliver better predictive accuracy and
novelty detection.

Deliverables

D 3.1 API specification

D 3.2 Evaluation (Reported as paper)

D 3.3 Final code

D 3.4 Ph.D Thesis chapter (Rickard Cdster)



3.4 WP 4: Explaining and visualizing recommendations
Coordinator: SICS

Person months: SICS 7, IFS 2

Removing the author from a movie review will make that review much harder to judge. A
recommender system is dependent on the ability to mediate recommendations to users in
terms of their quality, relevance, and who affected it. As this is difficult it is often overlooked
and the only information presented to the user is typically: “Rate these items and you will then
receive recommendations”. In a study by Herlocker [10], various explanation models were
tried, and they found that it was extremely difficult to explain a recommendation; often the
models were too complex to understand. The model that yielded the best result was the sim-
plest: “In XX per cent of the cases the system has been right”. In other words, they explicitly
told the user how many times the recommender would rate her movies as she would rate
them.

It could be argued that simple explanations in the form above is enough because people get
some understanding of how well the system performs (and therefore can judge a recommen-
dation). We argue that this is not the case. When a user does not get a more complete picture
of why she gets a particular set of recommendations, she will be careful in acting upon them.

As the Volvo study [18] showed, employees asked for more personal details about their fel-
low employees, in order to initiate communication and collaboration. A deeper level of per-
sonal information would increase the sense of familiarity and thereby make it easier for or-
ganisational members to contact each other for information exchange, competence sharing,
and building of communities. Another important aspect would be to make available more in-
formation about the signalling artefacts themselves. By making details such as the updating or
visiting frequency available, the users would be able to derive the owners’ level of engage-
ment. This sort of information can hardly be expected to be shared freely on the Internet, but
in an organisational context such as the intranet these data may already be available in form
of homepages or employee records. So what other implications are there of presenting more
information about the people who affected a recommendation?

First, instead of visualizing user profiles and how they are matched, a user can see what items
and ratings other users have voted on. This is somewhat analogous to building a trust relation-
ship for a movie reviewer, for whom you know the past ratings.

Second, we could use the recommender system as a way of creating communities. By com-
munity we mean “a group of people that share a common interest, either implicitly or explic-
itly”. When using a recommender system to recommend and create communities for the user
we: (1) increase the probability of creating communities since setting up the community and
finding the members is done automatically, and (2) help people find people and communities
that they would otherwise not find.

Approach

Before any implementation is done it is necessary to find explanation models that maximize
the benefit for users. What type of information from other users is needed for people to gain
better knowledge about them? A number of different design demonstrators will be created and
evaluated on small sized user groups. We will in this stage focus on two aspects of the prob-
lem: the number of users to display and what information about users to visualize. The new
visualization techniques are to be incorporated into the prototypes developed in WP 1.

Deliverables
D 4.1 Different visualizations models (in conjunction with WP 1)

D 4.2 User study



D 4.3 Software components for integration in SIRE

3.5 WP 5: Platform implementation
Coordinator: SICS

Person months: SICS 5

WP 2, WP 3 and WP 4 provide core functionality. In WP 5 we combine and package this
functionality in the SIRE platform. Our aim is to produce a freely available filtering system
that is suitable both for industry and academia and to make available public test suites that
can be used to evaluate recommender system algorithms.

Approach

WP 5 will start by making slight modifications to the existing SIRE package to fit the addi-
tional functionality that is needed to support the extensions suggested in WP 2 — 4. As soon as
new functionality becomes available from WP 2 — 4, it will be incorporated into SIRE. To a
large extent this WP has a control function to ensure that all pieces fit together.

Deliverables
D 5.1 First SIRE platform with incorporated API specification from WP 2 — WP 4

D 5.2 Final SIRE platform
D 5.3 Publicly available data sets for evaluating recommender systems

D 5.4 Ph.D thesis chapter (Rickard Coster)

3.6 WP 6: Integration
Coordinator: SICS together with IFS

Person months: SICS 3, IFS 1

When developing a general-purpose information filtering platform it is vital to ensure that it
does what it promises. It has to be functionally sound and not cumbersome to use for devel-
opers. In the present case this is certainly true: not only are we targeting the research commu-
nity, but we want to create SIRE in such way that it can be used by industry as well.

Approach

The scenarios developed in WP 1 will result in three prototypes (two that will be incorporated
into IFS Applications and one developed as a stand-alone prototype). Thus, by ensuring that
SIRE can be used both with IFS Applications and the research prototype we can conclude that
SIRE is usable both for industry and the research community.

Deliverables
D 6.1 Enhanced IFS Applications
D 7.2 Research prototype

3.7 WP 7: User Evaluation
Coordinator: SICS

Person months: SICS 4

One objective with moving from the traditional domains for recommender systems to a do-
main with a completely different set of requirements and opportunities is to see if findings can
be generalized across domains. Thus, once we have a working prototype for a business sce-
nario some user evaluation is in place. In ENCORE one of the three scenarios developed will



be selected for a user evaluation. In the HUMLE laboratory we have already conducted user
studies on recommender functionality in the Kalas system [12, 23].

Approach

In WP 1 we will select a scenario and evaluate how users collaborate and use tools to find
information. In this work package, a similar evaluation will be conducted with the enhanced
version of IFS Applications. This enables us to do a comparative study of the scenario.

Deliverables
D 7.1 Conference/journal paper on user evaluation on selected prototype

4 Project participants

ENCORE is a joint project between the Swedish Institute of Computer Science (SICS) and
IFS AB (Industrial and Financial Systems AB).

The Social Computing group at SICS is an interdisciplinary group. Our research range from
pure users studies to the implementation of recommender systems. The group has successfully
evaluated and enhanced a number of systems with social navigation, EFOL [23], Kalas [12],
and GeoNotes [7], to name a few. The following researchers will participate in ENCORE:

Martin Svensson, Ph.D (Project Leader), completed his doctoral thesis in 2003 on social
navigation (see appendix 1 for a complete CV). Martin has managed the SITI funded Kalas
project and is currently managing the Social Computing theme and the MOSES project at
SICS.

Rickard Coster, Ph.Lic, is a Ph.D student in the Machine Learning Group at the Dept. of
Computer and Systems Sciences, Stockholm University. His research is focused on informa-
tion retrieval and filtering, especially on how to build scalable systems for personalized in-
formation access. He obtained a Ph.Lic degree in 2003 [5]. Rickard managed the VINNOVA
funded project RIND.

Tomas Olsson is a Ph.D student in Computer Science at the Dept. of Information Technology,
Uppsala University, within the Computing Science Division. His research is focused on de-
centralizing and bootstrapping recommender systems [20]. He will present his Tech.Lic. June
5,2003.

Magnus Sahlgren is a Ph.D student in Computational Linguistics at the Dept. of Linguistics,
Stockholm University, within the Graduate School of Language Technology, GSLT. His re-
search is focused on using co-occurrence statistics to acquire semantic information, which is
represented using vector-space models. In particular, Magnus studies the use of "brain-like"
stochastic computing methods for building the semantic space.

Preben Hansen, Ph.Lic, investigates situation- context- and task-specific factors in informa-
tion seeking and retrieval. This approach includes the perspective that IR activities are em-
bedded within a broader information-seeking phase. Preben is currently focusing on and in-
vestigating the effects of collaborative information seeking and retrieval in information-
intensive environments.

IFS is a Link6ping based developer and supplier of component-based business applications
for medium and large enterprises. The main product IFS Applications, which is based on web
and portal technology, offers 60+ enterprise application components used in manufacturing,
supply chain management, customer relationship management, financials, engineering,
maintenance and human resource administration. IFS provides customers step-by-step evolu-
tion to the extended enterprise with e-business solutions that offer partner, customer, and sup-
plier collaboration. From IFS the following people will participate:



Fredrik Eklund, Ph.Lic, is Principal Research Officer, with human-computer interaction as
main responsibility. Before starting at IFS he worked at Nokia Home Communications as
project manager for large early development projects of digital media convergence products.
Nokia had previously acquired the consultancy company User Interface Design where Fredrik
worked as project manager and developer. He came there from the Department of Computer
Science at Linkoping University after completing a Licentiate of Philosophy in Computer
Science.

Par Hammarstrom is Chief Research Officer, his main responsibility is to ensure IFS' long
term competitiveness. With more than 10 years of experience within industrial research and
development of large and complex standardized systems his work covers most aspects of a
company's core businesses. He joined IFS 1996 and has had a number of positions including
project manager, product director and program director. Before joining IFS, Piar worked at
Saab Technologies in various positions including software engineer, system analyst and pro-
ject manager.

4.1 Industrial partners

Volvo Information Technology AB (contact: Dick Stenmark) supplies global industrial
companies with IT systems and solutions. In addition to infrastructure, operations and appli-
cations, Volvo IT also provides consulting services, training and support. Their customers
come both from within and from outside the Volvo Group.

Dick Stenmark, Ph.D, has a Doctoral degree in informatics and a B.Sc in computer science,
both from Goéteborg University. Dick is a member of the Knowledge Management Hub at the
Dept. of Informatics at Géteborg University and the Viktoria Institute and has been involved
in various research activities since 1997. Dick is currently a member of the Content manage-
ment group where he is responsible for the intranet search initiative.

4.2 Academic partners

Mobile Services (contact: Martin Svensson) aims to develop innovative mobile services and
the corresponding supporting technology and platforms. The project focuses on creating a
sustainable framework for user centred research on mobile applications. This should be done
by a number of activities that aggregate knowledge about the unique properties of IT-use in
mobile settings, and its consequence for theory/design approaches and methodology from on-
going research.



5 Schematic timetable

In figure 2 each work package is plotted in terms of the duration in ENCORE. Below each
work package the accompanying deliverables are plotted.

f |
WP 7 i
7.1
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lﬁ.‘l 6.2
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5.1 5.2 5.3
5.4
WP 4 .|
4.1 4.2 43
WP 3 |
3.1 3.2 33
34
WP 2 I
2.1 2.2 2.3
WP 1
1.1 1
M6 M12 M18 M 24 M 30 M 36

Figure 2. Time plan for work packages and deliverables

6 Budget

If ENCORE gets funded by VINNOVA we would like to start July 1, 2003 and end June 30,
2006. We have calculated for 1600 hours per year per person. The division between each
project participant is as follows: Martin Svensson (40% at 720/h), Tomas Olsson (30% at 620
kr/h), Rickard Coster (20% at 620 kr/h), and Preben Hansen (10% at 720/h). We intend to
seek additional funds for Tomas Olsson. Rickard Cdster is also financed from Stockholm
University and does not need any additional funding, Magnus Sahlgren is fully financed from
the GSLT program, and Martin Svensson is partly financed from the MOSES project.

For IFS we have calculated for 1725 hours per year and person at a rate of 430kr/h. The divi-
sion is as follows: 2003 5 months, 2004 4 months, and 2005 3 months.

2003 2004 2005 2006 SUM
VINNOVA 536000 1072000 1072000 1072000 3752000
IFS 309063 247250 185437 741750
SUM 845063 1319250 1257437 1072000 4493750

Table 1. Proposed budget

Explanation of Other Costs ("Ovrigt") in the budget of the VINNOVA form is: These indirect
costs cover SICS expenses for management, administration, mail, computer- and telecommu-
nications, library, localities, and shared computer resources.
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