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Abstract
We compare a user-de®ned passage feedback (pf) system to a document feedback (df) system. Df employed the adaptive linear model for retrieval, while pf used weighted query expansion based on positive
and negative feedback. Twenty-four searchers performed the same six tasks in varying search and systemorder per TREC-8 guidelines. We hypothesized that pf, which featured interactive query expansion, would
outperform df, which relied on automatic query expansion. Initial analysis appeared to reject this hypothesis, as df showed slightly higher overall performance than pf. However, analysis by system-order
groups indicates only the ®rst pf use had lower performance. These data suggest that pf was more dicult
to learn than df, though the second pf use yielded competitive performance. If performance of pf is indeed
aected by learning, an improved pf system with usability enhancements may prove to be an eective
mechanism for interactive information retrieval. Ó 2001 Elsevier Science Ltd. All rights reserved.
Keywords: Passage feedback; Interactive information retrieval; Text Retrieval Conference

1. Introduction
A perspective on information retrieval (IR) was presented by Luhn (1957), who suggested an
automatic text retrieval system based on comparison of word representations between the document and the query. In this perspective, the objective of IR is to ®nd information units from an
information collection that best match the query put to it by a user. Consequently, the main
concerns of IR research have historically been on how best to match documents (i.e., information
units) to the query and how to represent them internally to facilitate that matching process.
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When IR approaches are taken out of the laboratory and applied to operational settings
involving real users, however, results have often been less than satisfactory. One source for the
evidence of shortcomings of experimental IR systems put to real-world tests is the interactive IR
experiments in TREC (Beaulieu, Robertson, & Rasmussen, 1996; Robertson, Walker, &
Beaulieu, 1997; Sumner, Yang, Akers, & Shaw, 1998). Why has IR research based on Luhn's
tradition often failed to yield systems that are eective in operational settings? Are there
fundamental ¯aws in its theories and/or methodologies that invalidate the work of past four
decades? Or is IR simply an underdeveloped science, which has yet to ®nd the optimum answers
for the questions it asks?
In our opinion, this problem of theory versus practice in traditional IR stems from neither the
invalidity of past research nor the immaturity of its science, but is a natural consequence of the
questions it asks. The key question IR has traditionally asked, namely, how to ®nd documents
that best match an information need, assumes implicitly the existence and availability of
expressions of users' information needs, and presupposes an unambiguous and consistent
mapping of meaning to words.
This means the scope of the traditional IR perspective is quite restricted and leaves out a large
portion of the actual information seeking (IS) process. People, without whom the science of IR is
neither possible nor meaningful, have often been left out of the IR equation. More recently,
researchers such as Belkin, Brooks, and Oddy (1982); Ingwersen (1996); Saracevic (1996); and
Dervin (1997) have begun to ask questions about the IS process itself, often with a focus on
human information seekers.
Careful examination of various aspects of IS has revealed the dynamic and complex nature of
human information seeking behavior. IR systems based on traditional IR models are often
unequipped to deal with such behaviors. The historical IR scenario, where users of IR systems
were able to specify a ``good'' query, has not been the norm observed in interaction between
searchers and intermediaries (Saracevic, Mokros, Su, & Spink, 1991). Taylor (1968) characterized
information seeking as a process of negotiation and communication that progresses dynamically
from visceral to compromised state of information need. Such ®ndings highlight the ``pre-search''
stage of IS that have been left out of IR models.
Findings from research on information seeking indicated a clear inadequacy in the traditional
IR paradigm and suggested a new IR paradigm that can accommodate the entire IS process. As a
result, various new models of IR have emerged. Recognizing the diculty involved in arriving at
the precise expression of an information need, Belkin (1980) said that IR systems should focus on
exploring the anomalous states of knowledge (ASK) underlying the information need. Ingwersen
(1996), viewing IR as a process of cognition, proposed a cognitive model of IR, where he attempted to describe IR in terms of cognitive interactions. Equating IR to an information-seeking
activity, Saracevic (1996) argued that the user is the central component and that interaction is the
central process of IR.
Though these new models of IR may dier in focus and scope, a common underlying theme
can characterize them as ``interactive IR models''. As the name suggests, the focus of interactive
IR research is on the interaction between the IR system and its user rather than on the
methodology of information representation and retrieval by the system. The objective of interactive IR research is to answer the question, ``how do various types of interaction in IS
process aect the retrieval outcome''? As a ®rst step of answering that question, much research
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in interactive IR has concentrated on identifying the various aspects of the interaction process
by modeling and analyzing the user-intermediary interactions (Brooks, Belkin, & Daniels, 1986;
Belkin, 1987; Saracevic et al., 1991; Spink & Cool, 1992; Belkin, Cool, Stein, & Thiel, 1994;
Saracevic, 1996).
Unfortunately, relatively little interactive IR research till date has ventured beyond this ®rst
step to oer a concrete framework in which to measure the eects of IR interactions on the retrieval outcome. Though there currently are numerous suggestions on building an interactive IR
system (Meadows, Hewett, & Aversa, 1982; Shuman, 1989; Clarkson, 1992; Beaulieu, 1997;
Goker, 1997; Jones, Gatford, Do, & Walker, 1997), none oer a comprehensive solution that is
®rmly grounded in empirical evidence. Given the complexity and unpredictability of human behavior, it is not surprising that interactive IR models proposed so far remain mostly fragmented
and abstract. Consequently, there is a need for IR research that involves real users that interact
with real systems, where the eects of various user-system interactions on retrieval results can be
studied empirically.
Interactive IR experiments, such as TREC interactive track experiments, present valuable
opportunities for such studies. In these studies, various aspects of an interactive retrieval
process can be controlled to a certain degree to provide a better understanding of how usersystem interactions aect the retrieval outcome. Consequently, our goal in TREC interactive
experiments for the past three years has been to enhance our understanding of the impact of
user-system interaction on retrieval performance in order to discover the ways to optimize
contributions from both the user and the system. The results of our TREC interactive
experiments have been confounding and unsatisfactory at times, but they have always been
illuminating.
Our ®rst participation in the interactive experiment was in TREC-6, where we developed an
interactive retrieval system called information retrieval interactive system (IRIS),1 which implemented modi®ed versions of the feedback models with a three-valued scale of relevance and
reduced feedback query expansion (Sumner et al., 1998). The goal of the IRIS design in TREC-6
was to provide users with ample opportunities to interact with the system throughout the search
process. For example, users could supplement the initial query by choosing from a list of statistically signi®cant two-word collocations or add and delete query terms as well as change their
weights at each search iteration. Unfortunately, it was dicult to tell how much eect each IRIS
feature had on retrieval outcomes due to such factors as strong searcher eects and major differences between the experimental and control systems.
Thus, we attempted to isolate the eect of a given system feature in our TREC-7 interactive
experiment by making the experimental and control systems identical, save for the feature we
were studying (Yang, Maglaughlin, Meho, & Sumner, 1999). In one interactive experiment, the
dierence between the experimental and control systems was the display and modi®cation
capability of term weights. In another experiment, the dierence was the relevance feedback
process, where one system utilized user-de®ned passages to formulate the feedback query, while

1

A prior version of IRIS was developed by Kiduk Yang, Kristin Chan, Sean Semone and Lisa Wilcox at the
School of Information and Library Science (SILS) at the University of North Carolina. They worked under the
supervision of William Shaw and Robert Losee.
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the other system employed document-level relevance judgments to create a feedback query with
the adaptive linear model. Despite our attempts to control the experiment to comparison of
speci®c system features, we suspected there were other factors at play that made the results
inconclusive and dicult to analyze. Though inconclusive, our TREC-7 results suggested passage feedback (pf) could be an eective alternative to conventional document feedback (df).
There were also some indications that searcher intervention might have an advantageous in¯uence on the retrieval performance.
We simpli®ed the experiment even further in TREC-8, and focused on comparing the eectiveness of a user-de®ned pf system with a conventional df system. As in TREC-7, the pf system
utilized user-de®ned passages to formulate a feedback query, while the df system employed
document-level relevance judgments to perform relevance feedback with the adaptive linear
model. Our TREC-8 df system remained nearly identical to the one used in TREC-7, but the pf
system interface was overhauled in TREC-8 to improve its usability.
Our TREC-8 experiment involved 24 searchers who performed the same six search tasks (three
per system) in varying search and system-order as speci®ed in the TREC guidelines. Unfortunately, the results of our TREC-8 experiments, described in more detail below, seemed to run
contrary to past experimental results and our hypothesis that interactive query expansion by userde®ned passage terms would have an advantage.
Initially, we were confounded by the overall experiment results, where the df system showed
slightly higher performance statistics than the pf system. When we examined results by the
system-order groups (i.e., df1, pf1, df2, pf2, where df stands for document feedback, pf stands
for passage feedback, 1 signi®es ``®rst system used'', and 2 signi®es ``second system used''),
however, we saw no signi®cant performance dierence in systems except for the ®rst used pf
system (pf1) that showed noticeably poor results. Analysis of these results as well as transaction
logs and questionnaire data suggest to us that the pf system might have been more dicult to
learn than the df system. It is possible that the diculty of learning to use pf resulted in the
poor performance of the ®rst used pf system, which in turn degraded overall performance of
this system. Though the overall results are once again inconclusive, we are encouraged by the
competitive performance of the second use of pf and believe that pf may be an eective
mechanism for interactive IR.
In the remainder of this paper, we describe the main components of IRIS, followed by a
discussion of our TREC-8 interactive experiment and results. A concluding section considers
implications and possibilities for further study.
2. IRIS: system description
IRIS is an interactive retrieval system designed to provide users with many opportunities to
interact with the system throughout the search process. For example, users can supplement the
initial query with two-word collocations suggested by the system, perform relevance feedback by
selecting relevant documents or passages, or add and delete query terms. IRIS, ®rst created in
1996 at the School of Information and Library Science at UNC-CH, has been under continuous
development, evolving with each participation in TREC experiments. Below is a description of its
key components as used in our TREC-8 experiments.
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2.1. Text processing
IRIS processes documents by ®rst removing punctuation, and then excluding 390 high-frequency terms listed in the WAIS default stopwords list as well as ``IRIS stopwords,''2 which were
arrived at by examining the inverted index and identifying low frequency terms that appeared to
have little value.
After punctuation and stopword removal, IRIS con¯ates each word by applying one of the four
stemmers implemented in the IRIS Nice stemmer module.3 The module consists of a simple plural
remover (Frakes & Baeza-Yates, 1992), a Porter stemmer (Porter, 1980), a modi®ed Krovetz
in¯ectional stemmer (Krovetz, 1993),4 and a Combo stemmer that uses the shortest whole word
(i.e., word that appears in a dictionary) returned by the three stemmers. We used the Krovetz
stemmer in TREC-7 for its conservative con¯ation tendencies, but we opted for the simple plural
remover in TREC-8 to speed up indexing time. The simple stemmer was chosen over the Porter
stemmer to minimize the overstemming eect, with the hope that understemming eect would be
compensated for by the feedback query expansion process.
2.2. Phrase construction
The same phrase construction method employed in our TREC-7 interactive experiments was
used to construct phrase indexes for TREC-8. Using an online dictionary and a clause recognition algorithm built into the Nice stemmer, we constructed a two-word noun±noun phrase
index by ®rst extracting adjacent word pairs of noun and proper noun combinations within a
clause,5 and then discarding the phrases occurring 20 or fewer times in the collection to reduce
indexing time and conserve computing resources. The phrase occurrence frequency threshold
of 20 was arrived at by selecting the number that produced the phrase index whose size was
most comparable to that of the collocation index used in our TREC-6 experiments (Sumner
et al., 1998).
To augment the proper nouns in the online dictionary, all capitalized words not occurring at
the beginning of a sentence were considered as proper nouns. Hyphenated words were broken up
and stemmed by the simple plural remover before noun±noun phrase construction. Hyphenated
words in their raw form (i.e., as they appear in documents sans punctuation) were added to the
index as well.

2
IRIS stopwords are de®ned as all numeric words, words that start with a special character, words consisting of
more than 25 non-special characters, and words with embedded special characters other than a period, apostrophe,
hyphen, underline, or forward or backward slash.
3
Nice stemmer was implemented by Kiduk Yang, Danqi Song, Woo-Seob Jeong and Rong Tang at SILS at UNC.
For an interactive demonstration, please visit http://ils.unc.edu/iris/nstem.htm.
4
The modi®ed Krovetz in¯ectional stemmer implements a modi®ed version of Krovetz's algorithm and restores the
root form of plural (``-s,'' ``-es,'' ``-ies''), past tense (``-ed''), and present participle (``-ing'') words, provided this root
form is in our online dictionary.
5
IRIS identi®es a clause boundary by the presence of appropriate punctuation marks such as a comma, period,
semicolon, question mark, or exclamation mark.
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2.3. Ranking function and term weights
IRIS ranks retrieved documents in decreasing order of the inner product of document and
query vectors
qT di 

t
X

qk dik ;

1

k1

where qk is the weight of term k in the query, dik the weight of term k in document i, and t is the
number of terms in the index. We used SMART Lnu weights for document terms (Buckley,
Singhal, Mitra, & Salton, 1996,Buckley, Singhal, & Mitra, 1997), and SMART ltc weights
(Buckley, Salton, Allan, & Singhal, 1995) for query terms. Lnu weights attempt to match the
probability of retrieval given a document length with the probability of relevance given that length
(Singhal, Buckley, & Mitra, 1996). Our implementation of Lnu weights was the same as that of
Buckley et al. (1996, 1997) except for the value of the slope in the formula, which is an adjustable
parameter whose optimal value may depend, in part, on the properties of the document collection.
According to our pre-test experiments, an Lnu slope of 0.5 performed best with feedback, especially when using both single term and phrase indexes. Based on these ®ndings, we used a slope
of 0.5 to optimize performance with feedback.
2.4. Feedback models
2.4.1. The adaptive linear model
We used the same implementation of the adaptive linear model in TREC-8 as in TREC-7
(Wong & Yao, 1990; Wong, Yao, Salton, & Buckley, 1991). The basic approach of the adaptive
linear model, which is based on the concept of preference relations from decision theory (Fishburn, 1970), is to ®nd a solution vector that, given any two documents in the collection, will rank a
more-preferred document before a less-preferred one (Wong, Yao, & Bollmann, 1988).
In the df interface of IRIS, users can evaluate documents as ``relevant'', ``marginally relevant''
or ``nonrelevant''. By adapting the concept of user preference relations to extend the relevance
scale from binary to three-values, we constructed the following formula for the starting vector.
Note that this formula can be adjusted for any multi-valued relevance scale
X
X
X
c1
c2
c3
d
dÿ
d;
2
q 0  c0 qrk 
Nnew rel new rel
Nnew mrel new mrel
Nnew nonrel new nonrel
where qrk is the query vector that produced the current ranking of documents, c0 ; c1 ; c2 and c3
constants, Nnew rel ; Nnew mrel and Nnew nonrel the number of new relevant, new marginally relevant,
and new nonrelevant documents, respectively, in the current iteration and the summations are
over the appropriate new documents. A detailed description of the adaptive linear model can be
found in Sumner et al. (1998)6.

6

Modi®cation and implementation of the adaptive linear model using a multi-level relevance scale was done by
Robert Sumner, who has played an indispensable role in the development of IRIS as well as our TREC participation in
the past.
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2.4.2. The passage feedback model
Conventional relevance feedback models treat documents as the information units and assume
user relevance judgments to be about entire documents. The document unit in real life, however, is
sometimes determined by arbitrary boundaries, based on convenience or convention, rather than
content. This can produce a document containing subsections of varying information content. In
such instances, the user's determination of relevance is likely to be based on only certain portions
of a document. Even in a document of consistent content, the user may be interested in only
speci®c passages.
Findings from passage retrieval research, in which ranking based on passage-query similarity
was compared to ranking based on document-query similarity, demonstrated the promise of using
passages over documents in retrieval (Kaszkiel & Zobel, 1997; Salton, Allan, & Buckley, 1993;
Wilkinson, 1994; Zobel, Moat, Wilkinson, & Sacks-Davis, 1995). Although passage retrieval and
pf are not altogether the same, they do share some common aspects that can be bene®cial to
retrieval performance. The smaller unit of a passage means that assessment of relevance is not
only more precise but also more likely to be semantically oriented. For example, documents with
chance occurrences of relevant terms scattered across passages are less likely to be regarded as
relevant in a passage-based system. One of main challenges of passage retrieval lies in the determination of passages. How documents should be split into passages in order to maximize its
advantageous potential is an important consideration.
However, the determination of passages is not an issue in interactive pf, where users can select
many portions of documents they ®nd relevant or not relevant. Furthermore, relevance in an
interactive pf system is interactively determined from the contextual evaluation of documents;
employing not only the full power of human intelligence but also an intimate knowledge of the
information need. Thus, we believe pf employing user-de®ned passages can be an eective component of an interactive retrieval system that aims to optimize contributions from both the user
and the system.
As a ®rst step to building such an interactive system, we implemented a pf model in TREC-7
with the following formula for feedback vector creation:
X
X
pÿ
p;
3
qnew  qold 
rel

nonrel

where q is the query vector and p is the passage vector determined by the user's selection of
relevant and nonrelevant portions of documents. Since the normalization factor of the Lnu
weight is based on document length, an inverse document frequency weight was used for the
passage vector p. The pf approach diers fundamentally from the philosophy of the adaptive
linear model in that it simply expands the query vector to make it more ``similar'' to relevant
passages and ``dissimilar'' to nonrelevant passages rather than trying to rank a document
collection in the preference order de®ned by a training set. Note that the 3-valued relevance
judgments of our adaptive linear model are not implemented for pf: passages are simply
marked as ``relevant'' (resulting in terms being added with positive weights to the modi®ed
query) or ``nonrelevant'' (resulting in terms being added with negative weights in the modi®ed
query).
We brie¯y considered a more complex implementation of pf such as more sophisticated query
expansion and term weighting or ranking and display of retrieval results by passages, but opted
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for the simplest implementation for system eciency and experimental simplicity. Given the
15 min time limit per search task for the TREC-8 interactive track, we believed that system response time was an important factor that could in¯uence user-system interaction. The decision for
a simple implementation was also in¯uenced by our past TREC experiences that taught us to test
the system by one building block at a time in the interactive retrieval setting, where interaction
among multiple factors can rapidly become complex.
Though the underlying implementations of the pf model are the same in our TREC-7 and
TREC-8 interactive experiments, we made a signi®cant modi®cation to the user interface in
TREC-8. One of the prevalent user comments of our TREC-7 pf system was about the usability of
its feedback interface. Users had to ®rst select passages by highlighting with the mouse, copying
the highlighted portions, toggling to the pf window, and then pasting the copied selection into
appropriate windows. Transaction logs as well as user comments seemed to indicate the diculty
of these steps required for pf that might have kept users from fully enjoying the bene®ts of the
system. Consequently, we simpli®ed the feedback interface by using an embedded Java applet,
which consolidated the document display and feedback windows as well as simplifying the overall
pf operation.
3. Interactive experiment
3.1. Research question
One of the key questions in interactive IR is how to optimize contributions from the user and
the system to improve retrieval performance. The user, being the source of the information need
and armed with the powers of human intelligence, can contribute a great deal to the retrieval
outcome. The system, with knowledge of the indexing language by which the collection is represented as well as the advantage of computational speed to apply appropriate mathematical
principles on the ¯y, also contributes to the information retrieval process.
As mentioned in the introduction, most IR research in the past has focused on either the system
or the human component of the retrieval process. As a result, the question of how the system and
its users should interact to optimize mutual contributions to the retrieval process remains largely
unanswered. Salton and Buckley (1990) demonstrated that relevance feedback is an eective
automatic query expansion mechanism, but their experiment implicitly assumed not only the
static nature of the information need but also user's full and unchanging awareness of what is
relevant and what is not relevant throughout the search process.
According to the views of interactive IR research that regard information seeking as a dynamic
discovery process, such assumptions may not hold true very often. Such factors as searcher's
understanding and expression of the information need, the criteria for relevance and the utility of
a relevant document among numerous other things may aect how the searcher interacts with the
system. It is easy to imagine a scenario where the document found relevant by the searcher in one
feedback iteration is judged as non-relevant in another. How well would automatic query expansion based on such relevance judgments work?
Consider another situation where the searcher needs to change the direction of his search in
some way as in the case in the instance retrieval task of TREC interactive experiments. Having
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found one instance of the information need, the searcher now needs to ®nd a dierent instance
from the one already found. Would the searcher be able to in¯uence the automatic query expansion process enough to redirect the search process to suit his or her needs?
An alternative to automatic query expansion via relevance feedback is interactive query expansion, where the searcher manually selects the feedback terms from a system-suggested term
list based on his interactive relevance judgments (Beaulieu & Gatford, 1998; Belkin et al., 1998).
The potential advantage of such systems lies in the ability of users to actively intervene in the
query reformulation process to better re¯ect their needs rather than leaving the task of feedback
query expansion to the system entirely. However, such systems still rely on the system process of
identifying potential query expansion terms, which can suer from the same shortcomings as a
fully automated system. On the other hand, if a searcher were to select portions of documents
with which to expand the query vector as he or she evaluates search results, it may prove
advantageous in situations where system contributions to the query expansion process are
inadequate or inappropriate. The eectiveness of such a system would depend heavily on the
searcher's ability to recognize ``potent'' portions of documents since the system's contribution to
feedback query expansion would be minimized to ranking the document collection to be
displayed for evaluation.
Many questions can be asked at this point. Can searchers recognize ``potent'' passages for
feedback query expansion? If so, how? What are the signi®cant roles that the system and the
searcher can play in the feedback query expansion process and how do they aect retrieval
outcomes? What user-system interaction combinations work best in what situations? Motivated
by these questions, we started our inquiry in the TREC-8 interactive experiments by comparing
automatic feedback query expansion performed by the system with ``manual'' feedback query
expansion controlled by the searcher. By starting at the extremes and working our way along the
spectrum of user-system interactions, we hoped eventually to arrive at an optimal user-system
interaction model of feedback query expansion. What follows is the ®rst step in our journey to
that goal.
3.2. Methodology
In our TREC-7 interactive experiments, we examined the eects of the user interface on retrieval performance by comparing a system with a complex interface to one with a simpler interface. We also compared the eectiveness of a pf system, where user-de®ned passages were
utilized to expand the feedback query, with a conventional df system that employed relevance
judgments based on documents to perform relevance feedback based on the adaptive linear
model.
In our TREC-7 experiments, pf system results were better than df results. However, the results
of the simple interface system versus the complex pf interface system were unexpected in that the
simple interface performed slightly worse than the complex interface. After further examination,
which revealed more searcher intervention steps in the transaction logs of the complex system, we
concluded that complex system allowed users more opportunities to intervene, thereby positively
aecting retrieval performance.
Furthermore, we noticed that pf features in TREC-7 were somewhat underutilized.
Though there were more retrieval iterations per query in the pf system than in the df system,
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there were more reformulations of the initial query than expansion of the feedback vector
with the pf interface. This supports our view that the value of a richer interactive framework
may have partially masked the value of pf. One of the prevalent user comments of our
TREC-7 pf system was about usability problems in its feedback interface. Indeed, our
TREC-7 pf interface required several keystrokes or mouse clicks and toggling between two
windows.
Based on these observations, we hypothesized the following in our TREC-8 experiment:
· pf in an interactive system will perform better than df;
· improving the usability of the pf interface will invite more utilization of it, thereby resulting in
more positive user intervention;
· user intervention can positively aect retrieval performance.
To test our hypotheses, we constructed a pf system with a streamlined feedback interface for
our TREC-8 interactive experiment and compared its performance with that of a df system. If our
hypotheses were correct, our TREC-8 pf system should show better results and more user intervention steps than the df system.
The two systems in TREC-8 were identical in all aspects except for how relevance feedback was
implemented. Both systems had exactly the same features and interfaces for initial query formulation (Fig. 1), initial query modi®cation (Fig. 2), and feedback query modi®cation (Fig. 3).
The only dierence between systems occurred during the relevance feedback process. The df
system employed a conventional feedback mechanism for soliciting a 3-valued relevance judgment
on the relevance of a whole document (Fig. 4(a)), then performing a new query based on the

Fig. 1. Initial query formulation interface.
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Fig. 2. Initial query modi®cation interface.

Fig. 3. Feedback query modi®cation interface.
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Fig. 4. (a) Document feedback interface; (b) Passage feedback interface.

adaptive linear model. The pf system allowed users to select relevant and nonrelevant portions of
a document with which to modify the feedback query vector (Fig. 4(b)). Additionally, an
unintended system dierence was introduced in the feedback interface due to a design oversight:
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query terms contained in documents were not displayed in bold characters in the pf system as they
were in the df system.
In both systems, user intervention could occur at several points throughout the search process:
the initial query modi®cation phase where the user may supplement their initial query with
``suggested phrases'' selected by the system; the feedback query modi®cation phase where the user
may add new terms or delete existing terms from the feedback query; and the relevance feedback
phase where the user evaluates retrieved documents for relevance.
The underlying system constructs for both systems were same except for the feedback mechanism. The df system implemented the adaptive linear model to construct a feedback query with
250 terms with highest positive weights and 50 terms with lowest negative weights, whereas the pf
system constructed the feedback query by simply adding terms in relevant passages and subtracting terms in nonrelevant passages selected by users. (Details of how the 3-valued judgments
are processed are in Section 2.4.1.)
3.3. Searchers
Our TREC-8 interactive experiment involved 24 searchers, each of whom performed, in one
session, three search tasks using one system and then another three search tasks using the other
system. To minimize the potential eects of searcher and search topic dierences, the order of
both search topics and systems used were varied across searchers as speci®ed in the TREC-8
guidelines. Table 1 shows information about each searcher's background and search experience
gathered by pre-study questionnaires. All searchers were either working on or had received a
graduate degree, most (17) of which were in the ®eld of Information and Library Science. The
searchers had between 1 and 14 yr searching experience, (mean  4.5). Nine of the 24 searchers
were male.
Table 1
Response frequency of searchers on pre-study questionnaire
No experience
1.
2.
3.
4.
5.
6.

Using a point-and-click interface
Searching elec. library catalogs
Searching on CD ROM systems
Searching commercial systems
Using WWW search services
Searching other systems

1
5

Some experience

2
3
11

4
Never

Once or
Once or twice a
twice a year month

7. Searching frequency

2
Strongly
disagree

8. Enjoys information searches

3
3
12
2
5
2

Great deal of
experience
5
9
8
5
8
1

18
10
1
11
2

Once or
Once or twice a
twice a week day
9

Disagree

Neutral

Agree

1

6

10

13
Strongly agree
7
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3.4. Results7
We were confounded by the initial analysis of our TREC-8 experiment results, which seemed
contrary to both our hypothesis and ®ndings from previous experiments. The performance of
systems measured by the mean instance precision8 (MIP) and mean instance recall9 (MIR) was
slightly better for the df system than the pf system. The dierence between systems was statistically signi®cant at a  0:10 but not signi®cant in a  0:05 (Table 2).
When we examined the results with system-order consideration, we noticed an interesting trend.
The performance statistics of system-order groups in Table 3 show noticeably poor results by pf1
and relatively comparable results by all other system-order groups. As can be seen in Table 4,
there is no signi®cant performance dierence between system-order groups unless the comparisons
involve the ®rst used pf system (pf1). When the system comparison is restricted to the ®rst used
systems only, the df system (df1) clearly outperforms the pf1 with p-value of 0.05. However, this is
not true when they were the second systems searched (df2 vs pf2). Also, the second pf system (pf2)
showed much better performance statistics than the pf1 with signi®cant MIP dierence (a  0:10).
The MIR dierence between pf1 and pf2 is not statistically signi®cant, possibly due to large
standard deviation values.
Two-way ANOVA with factors system and order10 shows the MIR dierence between passage
and df system to be signi®cant at 0.10 level but not at 0.05 level, with no system  order interaction
or order eect for MIR (Table 5). There is some system  order interaction for MIP, though MIP
dierence between systems is not signi®cant (Table 5). These ANOVA tables, when considered in
the context of system-order performance comparisons of Tables 3 and 4, seem to indicate that
both systems performed comparably overall despite the markedly poor performance by the ®rst
used pf system.
In addition to retrieval performance measures (MIR and MIP), searchers were asked to provide
evaluation data on each search, each system and the overall searching process. Although none of
the mean scores from the system questionnaire were dierent statistically, there does seem to be a
dierence in system rating depending on system-order (Table 6). The ratings remained fairly
consistent between systems when the searcher used the document system ®rst but the document
system was given a higher score when the searcher used the passage system ®rst.
The searchers also showed a dierence in system preference, depending on system-order, when
explicitly comparing the two systems in the exit questionnaire (Table 7). The searchers who used
the document system ®rst (df1) were equally divided on the system they felt was easier to learn,
but 83% of the searchers who used the passage system ®rst (pf1) indicated that the document
system was easier to learn (the dierence was signi®cant at a  0:10 but not at a  0:05). When
asked about the system that was easier to use and the system that they liked the best, again the
searchers who used the document system ®rst were divided fairly equally (50%, 58%, respectively),
7
Performance statistics presented in this paper dier from those in our TREC-8 paper (Yang & Maglaughlin, 2000)
due to errors in our submitted results to NIST. The performance statistics presented in this paper were computed from
the corrected results.
8
Instance precision is the fraction of documents selected by the searcher that contain one or more instances.
9
Instance recall is the fraction of total instances contained in documents selected by the searcher.
10
System is de®ned by the feedback type (i.e., pf system, df system) and order signi®es the order of systems used.
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Table 2
Overall performance statistics of document feedback and passage feedback systems
Mean instance precision (MIP)
Mean instance recall (MIR)
a
b

Document feedback (df)

Passage feedback (pf)

Ha : ldf 6 lpf

0.676 (0.224a )
0.293 (0.239a )

0.629 (0.261a )
0.226 (0.198a )

0.10b
0.09b

Standard deviation.
p-values from matched-pair t-test.

Table 3
Performance statistics of system-order groups

MIP (STDa )
MIR (STDa )
a

1st used system
(f1)

2nd used system
(f2)

1st used df
(df1)

1st used pf
(pf1)

2nd used df
(df2)

0.635 (0.253)
0.244 (0.206)

0.671 (0.233)
0.275 (0.235)

0.695 (0.215) 0.575 (0.277) 0.657 (0.234)
0.292 (0.227) 0.196 (0.174) 0.293 (0.254)

2nd used pf
(pf2)
0.684 (0.235)
0.256 (0.217)

Standard deviation.

Table 4
Statistical signi®cance (p-values) of system dierences
Ha : lf1 6 lf2 Ha : ldf1 6 lpf1 Ha : ldf2 6 lpf2 Ha : ldf1 6 ldf2 Ha : lpf1 6 lpf2 Ha : ldf1 6 lpf2 Ha : lpf1 6 ldf2
MIP 0.38a
MIR 0.41a
a
b

0.05a
0.05a

0.63a
0.51a

0.47a
0.99a

0.08a
0.21a

0.78b
0.53b

0.05b
0.08b

p-values from two sample t-test.
p-values from matched-pair t-test.

Table 5
Two-way ANOVA table
Source

Degrees of freedom

Sum of squares

Mean square

F value

p-value

For Mean Instance Precision
System
Order
System  Order

1
1
1

0.0798
0.0459
0.1957

0.0798
0.0459
0.1957

1.37
0.79
3.36

0.24
0.38
0.07

For Mean Instance Recall
System
Order
System  Order

1
1
1

0.1592
0.0331
0.0314

0.1592
0.0331
0.0314

3.29
0.68
0.65

0.07
0.41
0.42

while the searchers who used the passage system ®rst tended to prefer the document system (75%,
75%, respectively).
Examination of transaction logs and questionnaire data suggest that the searchers might have
found the pf system dicult to learn. Using the pf system in the ®rst phase of the experiment
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Table 6
Mean scores and standard deviation of system questionnaire (1  not at all, 5  extremely)

How easy the searcher felt
the system was to learn
How easy the searcher felt
the system was to use
How well the searcher
understood how to use the
system

Document
feedback (df)

Passage
feedback (pf)

1st used
df (df1)

2nd used
pf (pf2)

1st used
pf (pf1)

2nd used
df (df2)

3.57 (0.79)

3.43 (0.66)

3.08 (0.51)

3.09 (0.70)

3.14 (0.67)

4.09 (0.70)

3.78 (0.80)

3.26 (0.92)

3.42 (0.79)

3.18 (0.87)

3.33 (0.98)

4.18 (0.60)

3.70 (0.76)

3.35 (1.03)

3.42 (0.68)

3.45 (0.70)

3.58 (1.08)

4.00 (0.77)

Table 7
System preferencea in the exit questionnaire
Easier to learn
Easier to use
Liked the best

Total df

1st used df (df1)

1st used pf (pf1)

t-statistic

16 (67%)
15 (63%)
16 (67%)

6 (50%)
6 (50%)
7 (58%)

10 (83%)
9 (75%)
9 (75%)

1.773, p < 0:1
1.254, nsb
0.842, nsb

a
Each cell contains number and percentage of searchers choosing the document feedback system over the passage
feedback system.
b
Statistically not signi®cant (a  0:1).

might have imposed additional cognitive burdens that searchers were ill equipped to deal with
initially. We believe that the searcher is better able to utilize the pf system once familiar with
general system use as well as the interactive search tasks.
Table 8 shows that searchers typically spent more time evaluating documents with the pf system
than the df system. Searchers evaluated documents more quickly when using the df system second
(df2), but actually took more time when they used the pf system second (pf2). This may be due to
our system design oversight that did not boldface the query terms contained in documents retrieved by the pf system. It is also possible that the task of identifying relevant portions of documents is just a more speci®c subset of making relevance judgments on whole documents (i.e., the
searcher is doing the same thing, but at a higher level of granularity). Thus, searchers who used
Table 8
Relevance feedback statistics from transaction logs
Mean time of documents
evaluation (s)
Mean number of positively
weighted terms
Mean number of negatively
weighted terms

df

pf

df1

pf1

df2

pf2

206

244

236

240

175

247

224

19

235

14

212

23

22

4

22

1

22

7
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the pf system ®rst automatically gain familiarity with the df system, which helps to speed up things
for the second df system, but when searchers encounter the pf system after ®rst using the df
system, more time is required to learn the higher granularity of passage evaluation.
Comparison of the feedback query length between systems show a decrease in the second df
system and an increase in the second pf system. Since the df system has a ®xed feedback query
length by default, the only possible explanation of the reduced query length is by searcher intervention of term exclusion in the feedback query modi®cation interface (Fig. 3). It is conceivable
that searchers would intervene more by excluding inappropriate terms as they became more familiar with the system and the search task in the second df system. The terms displayed in the
feedback query modi®cation interface of the pf systems are what the searchers selected as relevant
passages in the ®rst place, so taking them out would be unlikely. On the contrary, the familiarity
with the system use, search task, and pf is likely to engender more utilization of the pf feature,
therefore, resulting in the increase of the feedback query length in the second pf system. This is
evidenced by the increase in pf2 term counts in Table 8.
If we ignore the outlier (D at 10), the scatter plots of overall search iterations per topic (Fig. 5)
tells us that searchers did more searches per topic in the pf system than the df system. In other
words, they did more feedback iterations in the df system overall. The scatter plot of ®rst systems
(Fig. 6) resembles the overall plot, but the second system plots (Fig. 7) show similar number of
search iterations between the document and pf systems. There were also fewer searches per topic
(i.e., more feedback) in the second systems in general than the ®rst systems. The patterns in these
plots tell us that searchers tended to do new searches rather than utilizing the feedback feature in
the ®rst pf system, but utilized the feedback feature more in the second pf system as they became
more familiar with the system. The scatter plots reinforce our belief about the learnability of the
pf system, namely, that the pf system might have been a more dicult system to learn than the df
system.

Fig. 5. P  Passage Feedback, D  Document Feedback.
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Fig. 6. First systems searched: P  Passage Feedback, D  Document Feedback.

Fig. 7. Second systems searched: P  Passage Feedback, D  Document Feedback.

Evidence from performance statistics as well as transaction logs and searcher questionnaire
data suggest that the pf system was more dicult to learn than the df system in our TREC-8
experiment. Consequently, we believe the poor result of the pf system in TREC-8 was largely due
to our failure to make the pf system more usable. Though we improved the passage selection
interface from TREC-7, we did little to ease the cognitive burden of having to identify relevant
passages. Thus, we believe that one of the main challenges for pf lies in helping searchers identify
relevant passages quickly and easily.
4. Suggestions for further study
As the scope of retrieval is broadened to include the searcher and the dynamic cognitive process
of information seeking in an interactive IR environment, the universe of possible IR ``moves''
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grows considerably. Even with the TREC interactive experiment guidelines designed to minimize
the eect of lurking variables, our TREC-8 interactive experiment did not provide clear results.
As mentioned in preceding sections, our implementation of pf in TREC-8 was not only simplistic by design but also disadvantaged by oversight (i.e., query terms not boldfaced in documents). It would be interesting to see what would happen if the system was ``improved'' to
increase user-system contributions. In order to assist the searcher in identifying useful passages
more quickly and easily, the design oversight of not boldfacing query terms in documents should
®rst be corrected, after which some visual cues indicating passage importance based on passage
retrieval can be investigated. The eect of more sophisticated query expansion and term weighting
methods should also be examined to ®nd the system construct that maximizes its contribution to
the feedback query expansion process.
In future work, we will consider modifying the experimental design to better suit our inquiry.
One of the diculties with assessing whether the searchers were eective in selecting useful passages stemmed from an experimental design that did not control what documents searchers
evaluated. For a given topic, the set of documents presented to searchers for evaluation could vary
widely depending on the initial query, which diered across searchers. Since documents evaluated
for a given topic between systems mostly diered, direct comparison of feedback query use between systems is not possible. To focus the examination on the feedback query term selection
process, one may consider controlling the experiment so that the same sets of documents are
presented to searchers for given topics.
Finally, qualitative research methods such as videotaping think aloud protocols, and content
analysis of user-de®ned passages should be incorporated to supplement the quantitative methods.
In our opinion, the domain of interactive IR stretches beyond the realm of quantitative methods
and should be arrived at by incorporating multiple approaches.
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