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Abstract
In the context of two related NIH projects supporting scientific

collaboration we seek to implement an environment for collabora-
tive information retrieval and analysis based on utility theory.

Introduction

Academic research on information retrieval has long fol-
lowed a model of attempting to rank documents in re-
sponse to an individual searcher’s single query. Rankings
have usually been determined based on a measure of simi-
larity between a representation of the user’s query with a
representation of each of the retrieved documents, or on a
calculation of the probability of relevance for each docu-
ment with respect to the query. This model falls short of
the needs of optimization for collaborative scientific re-
search in two main ways. First, many scientists work in a
collaborative environment. Second, it is the value of in-
formation which is to be optimized, not its relevance. Rel-
evance, one of the fundamental notions in information re-
trieval theory, is generally considered to be a binary varia-
ble. A document is, or is not, relevant with respect to a
query. In order to measure the value of information, it is
important to consider the utility of information, rather than
only the relevance of information. Utility-theoretic infor-
mation retrieval has been relatively ignored as a field of re-
search, but initial work in this area was done by Kraft
(1973), Kochen (1974), Bookstein and Swanson (1975),
and Cooper and Maron (1978), among others. We propose
to build on Cooper and Maron’s probabilistic and utility-
theoretic approach to design a cost function to optimize a
model for collaborative scientific research.
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The Eagle-i and VIVO Projects

We will develop our approach to collaborative information
retrieval in the context of the NIH Eagle-i and VIVO pro-
jects. There is much inefficiency and duplication in life
sciences research because researchers are unaware of hid-
den resources available at other institutions or are unable to
identify researchers working on similar projects. The Ea-
gle-i project, led by Harvard Medical School, created a
semantic repository and search engine that identifies hid-
den resources in participating institutions (eagle-i, 2012,
Vasilevsky et al. 2012,). The VIVO project, led by the
University of Florida developed a software infrastructure
that enables national networking of scientists (VIVO 2012,
Wolski et al. 2012). Although our focus in this position
paper is on collaborative, utility-theoretic information re-
trieval, it is our intention to address the wider scope of the
Eagle-i and VIVO projects’ collaborative information
seeking including user-centered design and Semantic Web
technologies for collaborative querying and analysis in the
life sciences (Chueng et al. 2008) in future work. The Ea-
gle-i and VIVO projects are based on Semantic Web tech-
nologies and Linked Data (Bizer, Heath, and Berners-Lee,
to appear)

Related Research

Related research has been conducted in information re-
trieval as well as in fields, such as machine learning and
neural networks. Mateescu et al. (2002) compare work on
relevance feedback in information retrieval to related tech-
niques in these fields. In addition to the utility-theoretic
approach of Maron and Cooper described below, our re-
search will consider models from machine learning, such
as reinforcement learning (Sutton and Barto 1998).



Although current research in probabilistic document re-
trieval, dominated by the perspective of the language mod-
eling approach, is less able to incorporate relevance feed-
back, earlier Bayesian probabilistic models are better able
to do so. The unified probabilistic model developed by
Robertson, Maron, and Cooper (1982) did not include rele-
vance feedback. However, this model was later extended
to include relevance feedback (Thompson 1986). Labora-
tory studies of relevance feedback have generally shown it
to result in improved retrieval, but it was not used in opera-
tional systems prior to the 1990s. When the Westlaw re-
trieval system introduced ranked retrieval to large online,
commercial retrieval, relevance feedback was considered,
but rejected. Lexis-Nexis, on the other hand, did include
relevance feedback in its competing Freestyle ranked re-
trieval mode, which came out a year later. This relevance
feedback capability, as was also later the case with several
Web search engines, was based only on the searcher indi-
cating that one of the retrieved documents was particularly
relevant. Earlier laboratory research was generally based
on all retrieved documents being judged for relevance.
Relevance feedback was not adopted beyond this limited
extent, because of the perceived difficulty in asking
searchers to provide relevance feedback. The development
of systems on the Web changed things dramatically. Im-
plicit relevance judgments were taken based on clickstream
mining (Cooley 2000). Recommender system technology,
also referred to as collaborative filtering, has made use of
relevance feedback, as well (Konstan et al. 1997). Addi-
tionally, some researchers have gone beyond the traditional
focus of relevance feedback for a single user and have con-
sidered collaborative relevance feedback, e.g., (Wilbur
1998).

Cooper and Maron’s Model of Probabilistic
and Utility-Theoretic Information Retrieval

The Cooper and Maron model of probabilistic and utility-
theoretic retrieval is based on classic decision theory as
developed by Savage (1954) and others. Cooper and
Maron describe a probability-utility space in which in addi-
tion to a probability measure there is a series of utility
measures, one for each point in the space. For each future
use of the system, there is a utility measure associated with
whether or not the document was indexed with a given in-
dex term. As with probabilistic retrieval models, our con-
cern is to define a cost function and a way to optimize it,
given feedback from users on the value of retrieved infor-
mation.

Collaborative Utility-Theoretic Information
Retrieval: Metrics and Evaluation

Probabilistic information retrieval, though usually dis-
cussed in the context of a single searcher rather than col-
laborative searchers, is a well-developed area of research
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going back to 1960s (Maron and Kuhns 1960). Neverthe-
less, most probabilistic information retrieval systems do
not treat the probabilities that are generated to rank docu-
ments as serious probabilities. Rather these “probabili-
ties”, or scores, are seen as being useful in ranking docu-
ments with respect to each other. Ultility-theoretic infor-
mation retrieval has also been discussed, at least as far
back as the 1970s (Kraft 1973, Kochen 1974, Bookstein
and Swanson 1975, Cooper and Maron 1978), though
much less extensively than probabilistic information re-
trieval.  Utility-theoretic information retrieval has also
primarily addressed the problem of retrieval of a document
for an individual searcher, though Cooper (1978) discusses
total utility, as the . . . total utility experienced collectively
as a result of the assignment [of an index term].” Cooper
advocated that human indexers estimate this total utility in
order to binarily assign an index term to a document,
though in later work with Maron (Cooper and Maron 1978)
utility-weighted index term assignment was proposed.

Since the 1970s the trend has increasingly been away
from human indexing towards automatic indexing. While
probabilistic information retrieval is arguably the dominant
paradigm in academic information retrieval research, the
current leading approach, the language modeling approach,
does not treat relevance as central. Rather a system calcu-
lates the probability that the language model which gener-
ated a document to be retrieved could also have generated
the user’s query and uses this probability to rank docu-
ments (Ponte 1998). Even in settings where manual index-
ing, or classification, still takes place, e.g., in the biomedi-
cal or legal domains, indexing is binary. Often authors
self-index their documents by selecting terms from a con-
trolled vocabulary.

Applied to ranked retrieval, relevance feedback is a
technique which has been shown in laboratory settings to
lead to large improvements in retrieval effectiveness
(Buckley and Robertson 2008). In the past using relevance
feedback meant asking a user which of a set of retrieved
documents were relevant and which non-relevant. Despite
the laboratory success of the technique, relevance feedback
was seen as impractical because real users would not be
willing to provide relevance judgments. However, on the
Web new techniques of implicit relevance feedback were
developed with which to estimate relevance [17].

Projects such as VIVO, Eagle-i, and other collaborative
environments for scientists provide opportunities to meas-
ure explicit and implicit feedback on relevance and on the
utilities of indexed resources. As an example, consider a
researcher who does not have access to a supercomputer at
his or her university, nor to the software needed to perform
some type of analysis on his or her research data. The Ea-
gle-i project manually indexes resources in university labs,
such as supercomputers and software. Depending on the
nature of the computing resource or its associated software,
a manual indexer might make an estimate of the utility of
the resource to a researcher who found the resource using



the Eagle-i search engine. VIVO tracks the publications
and grant awards of researchers at a given university (VI-
VO 2012). Using these two systems together, it will be
possible to build a utility-theoretic retrieval system and to
evaluate the accuracy of its performance, e.g., the utility of
the retrieved resources could be inferred by considering ci-
tations in proposals which led to awards and citations in
publications.
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