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Abstract

We examined the two cluster-based representations
of search results in a relevance feedback environ-
ment. Through interactive runs by human subjects,
we found that both representations, “ranking with
categories” and “dendrogram,” could not outper-
form the conventional relevance ranking from the
standpoint of average precision. However, by ana-
lyzing the interactions between the human subjects
and the system, we found the dendorgram to be
more effective than the conventional relevance rank-
ing for the human subjects to easily find a group of
similar documents.

1 Introduction

Interactive relevance feedback is effective
method for improving the result of document
searches. The system retrieves documents based on
the user’s query and displays them in order of per-
ceived relevance. The user looks through the rank-
ing and judges the actual relevance of one or more of
the retrieved documents. These judgements are fed
back to the system for updating the current query.

In this feedback cycle, the amount of improve-
ment of the system depends on the judgements of
relevance provided by the user [1]. We have been
trying to attain an efficient interface for users to
be able to find many relevant documents at little
cost [6, 4]. In NTCIR-2, we examined the use of two
advanced representations of search results, which
are “ranking with categories” and “dendrogram.”
Both are based on the automatic clustering of re-
trieved documents.

an

In the “ranking with categories” representation,
the clustering algorithm finds three major cate-
gories in the initial search result and then each re-
trieved document is classified into these categories.
This representation is similar to that of Scat-
ter/Gather [2] or that used by CLARITECH [3].
By focusing on a relevant category, users can find
desired documents efficiently.

In the “dendrogram” representation, the cluster-
ing algorithm calculates the local similarity between
every pair of documents, and places similar docu-
ments side by side. If users judge a document to be
relevant, very similar documents around the seed
document would also be relevant, so users could find
a bunch of relevant documents easily.

We assume that these advanced representations
would be helpful for users to find many relevant
documents, which are in turn effective in relevance
feedback. To confirm this assumption, we executed
several interactive runs in this NTCIR, and this pa-
per reports the results and discussions.

2 Automatic Runs

To investigate the baseline performance of our sys-
tem, we executed the following automatic runs.

1D query type query expansion
DOVE1l D none
DOVE2 D+N none
DOVE3 D pseudo feedback
DOVE4 D+N pseudo feedback
“D” denotes “<DESCRIPTION>" and “N” de-
notes “<NARRATIVE>". We did not wuse
“<CONCEPT>”. OQur experimental system is



based on the standard vector space model. Here

i1s the summary of the system description:

word (by ANTMA [7])
Lt.Lnc [8]

Modified Rocchio
a=8,3=16,v=0

term unit

term weighting
term re-weighting
in pseudo feedback

In the pseudo relevance feedback, the top 100 terms
from the top 10 retrieved documents were automat-
ically fed back to the system for updating the initial
query. Negative feedback was discarded, so v was
equal to zero.

We used GETA ' to implement the experimental
system.

3 Interactive Runs

Each of the interactive runs consists of the following
steps.

1. The system constructs the initial query from
each topic. Concretely, ANIMA extracts all
words except stop words from a topic descrip-
tion (D+N), and the Lt.Lnc term weighting
formula is used to weight the extracted terms.

2. The system retrieves the top 150 documents
from the initial query and displays them to a
human subject in one of the following forms:

o ranking (see Sec. 3.1)
o ranking with categories (see Sec. 3.2)

o dendrogram (see Sec. 3.3)

In every form, a title is used as a surrogate of
a document.

3. The subject looks through the search result and
tries to collect as many relevant documents as
possible within 15 minutes. The subject can
interact with the system through several com-
mands which will be described later. All inter-
actions between the subject and the system are
recorded with the timing information.

4. The system updates the initial query by using
the top 300 terms from the relevant documents
judged by the subject, and retrieves a new set
of documents (i.e., 1,000 documents) from the
updated query.

Figure 1 shows the overview of these steps.

I GETA is a collection of C libraries to facilitate flexi-
ble and large-scale documents/words analysis including doc-
ument searches. GETA also contains clustering libraries used
in our experiments. GETA will be available from TPA’s web
site “http://www.ipa.go.jp/STC/dokusou.html” this April.

topic (D+N)

‘ term weighting by system ‘

i i 150 docs
ranking ranking dendrogram
J w/categories J
‘ relevance judgements by human subject ‘ within 15 min
t
‘ term re-weighting by system ‘
¥
DOVES5 DOVE6 DOVES
DOVE7

Figure 1: Overview of interactive runs

3.1 Ranking

This is the conventional relevance ranking, where
documents are ranked in order of decreasing rele-
vance calculated by the system. In this representa-
tion, subjects can interact with the system through
the following commands.

AVISIT View the full text of
the selected document
ASEL Mark the selected documents
as relevant
AUNSEL Un-mark the selected documents

This “ranking” representation forms the baseline of
the following two advanced representations.

3.2 Ranking with Categories

In the “ranking with categories” representation,
each retrieved document has additional information
of categories to which the document belongs. Al-
though the initial order of retrieved documents re-
mains the same as the conventional relevance rank-
ing, subjects can re-sort the documents according
to these categories. Here is an example of this rep-
resentation for topic “0108”.
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green sowm., #:& & MA 47 BRER Bk T-4R—X, Y)Y
blue L &1L S—F, Web, £5, AN, R U T+, BBib, K

The RGB spectrum bar next to the title repre-
sents the likelihood of the document belonging to



each of the three major categories automatically
constructed from the 150 retrieved documents. The
system uses a hierarchical clustering algorithm [5]
to divide the 150 retrieved documents into three
clusters and regards them as categories. For each
retrieved document, the system calculates the simi-
larity to each category, and displays the similarities
in the RGB spectrum. Here R(ed) corresponds to
the primary category, G(reen) the secondary one,
and B(lue) the tertiary one. Human subjects can
investigate the contents of each category by using

the “VCAT” command.

VCAT View the representative words
of the selected category

If a subject is interested in a category and tries to
focus on it, he/she can collect only the documents
which are closely related to the category by execut-
ing the “GCAT” command.

GCAT Re-sort the search result
by the similarity to the

selected category

After executing the GCAT command, the top-
ranked documents become the representative doc-
uments for the selected category. Here is the re-
sult of executing the GCAT command in the above
example. In this case, we focused on the primary
category (i.e., “red”).
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Subjects can also use the “AVISIT”, “ASEL”,
and “AUNSEL” commands for viewing, selecting,
and de-selecting a document.

By providing these categories for interactions, we
expect that subjects can effectively focus on the rel-
evant topic, and, in consequence, can find relevant
documents easier than by using the conventional
relevance ranking.

3.3 Dendrogram

The “dendrogram” representation is closely related
to the hierarchical clustering algorithm we used. At
the beginning of the algorithm, each of the 150 re-
trieved documents is a singleton cluster, and the
algorithm merges the most similar pairs of clusters
step by step. As a result, the following tree, called
dendrogram, is constructed.

: 3
y = | ST |
> PO

6 4

The left-hand side is the naive form of the den-
drogram. Here the order of the documents remains
in the original order (i.e., “17, 27, “3”,...), many
branches are entangled and it is hard to grasp the
relationship between documents. The right-hand
side is the disentangled version of this dendrogram,
where similar pairs of documents are re-located side
by side.

Our experimental system only shows the order
of documents in the disentangled dendrogram and
omits the tree structure. However, this ordering it-
self reflects the local similarity between documents
well. If a subject finds document “3” to be relevant,
then “6” next to “3” might be relevant because “6”
is very similar to “3.” The subject can therefore find
a set of similar documents easier than if documents
were ranked by their relevance scores, because rele-
vance scores do not reflect local similarity between
documents.

The following example for topic “0119” shows the
effect of the “dendrogram” representation.

ranking
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dendrogram
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In the “ranking” representation, a bunch of sim-
ilar documents, “a,” “b,” “c,” and “d” (a series of



papers by the same authors), are scattered accord-
ing to their relevance scores. On the other hand, the
“dendrogram” collects the bunch of documents and
display them side by side. Subjects can successfully
interpret these documents as a series of papers.

In this form, subjects can also use the “AVISIT”,
“ASEL”, and “AUNSEL” commands.

3.4 Experimental Setting

Seven subjects, the authors, participated in the ex-
periments. The purpose of the experiments was
to compare the advanced representations (“rank-
ing with categories” and “dendrogram”) with the
baseline representation (“ranking”).

To keep the consistency of each topic, the same
subject conducted two interactive runs for the same
topic: one for the baseline representation and the
other for one of the advanced representations. Sub-
jects were instructed to leave at least one week in-
terval between the two runs to avoid the memory
effect. The order of the two runs was randomized.
We conducted the following four interactive runs
based on the above constraints.

DOVES5  ranking (baseline of DOVEG)
DOVE6 ranking with categories
DOVET7 ranking (baseline of DOVER)
DOVES dendrogram

4 Results and Discussions

4.1 Overall Results

Table 1 shows the average precision for all runs.
Although all the interactive runs outperformed the
automatic runs, we could not see the explicit ad-
vantage of the advanced representations (DOVEG
and DOVES) to the conventional rankings (DOVE5
and DOVET respectively). The “dendrogram”
(DOVER) was slightly more effective against the
“ranking” (DOVET), but the difference was small.

Figure 2 shows the average precision in each in-
teractive run at timed intervals. Here the perfor-
mance of the advanced representations was lower
than their baseline performance. The “dendro-
gram” could catch up with and slightly outperform
the baseline at the end of the session.

4.2 Relevance Judgements

Table 2 shows the agreement of the DOVE relevance
Judgements with the NII official judgements.

In every run, the agreement was over 70%, which
is sufficient. From the table, we can also see that

the advanced runs (DOVE6 and DOVES) could not
find a larger number of relevant documents than the
baseline runs (DOVE5 and DOVET) could. How-
ever, for the query-averaged ratio of the correct
judgements to all the judgements, the “dendro-
gram” was a 4% improvement over the baseline for
the S+A case. The “ranking with categories” was
also effective, but the difference was subtle (only a
1% improvement). For S+A+B judgements, nei-
ther of the advanced runs was effective.

Table 3 shows the coverage of the DOVE judge-
ments over the relevant documents. Let’s assume
a case where there are 20 S-judged documents in
the 150 retrieved documents. If a DOVE subject
determines that only 15 of the 20 documents are
relevant, then the coverage is 15/20.

In Table 3, the coverages were all relatively small,
i.e., lower than 40%. This indicates that the DOVE
subjects missed many relevant documents due to
several reasons: misunderstandings, lack of time,
etc. If the coverage were 100%, that is, the sub-
jects could find all the relevant documents con-
tained in the 150 documents, then the average pre-
cision would become 0.5166 for S+A judgements,
and 0.4775 for S+A+B judgements. These form
the upper-bounds of our interactive runs. All the
interactive runs (DOVE5 ~ DOVES) achieved 77%
~ T9% of the upper-bound for S+A judgements,
and 82% ~ 85% for S+A+B judgements.

Compared with the baseline runs, both of the
advanced runs cover fewer officially relevant doc-
uments out of the 150 documents, because the ad-
vanced runs found fewer relevant documents than
the baseline runs did (see Table 2).

In all the runs, the coverage of B-judged docu-
ments was small. This is because of the instruction
offered to the subjects, which stated “find as many
totally relevant (i.e., S+A) documents as possible.”
In consequence, the subjects might have judged B-
level documents to be irrelevant.

4.3 Interaction Log Analysis

In this section, we investigate the log files of inter-
actions between the subjects and the system to see
the effect of the advanced representations.

Our assumption is that subjects can find a group
of relevant documents efficiently by using the ad-
vanced representations because these representa-
tions juxtapose similar documents. In “ranking
with categories” | this is done by using a focused cat-
egory to re-sort the retrieved documents. In “den-
drogram”, a pair of similar documents are located
side by side at the outset. In both representations,



1D query search other info average precision

type  type S+A S+A+B
DOVE1l D auto — 0.2261 0.2088
DOVE2 D+N auto — 0.2821 0.2827
DOVE3 D auto pseudo feedback 0.2800 0.2678
DOVE4 D+N auto pseudo feedback 0.3119 0.3219
DOVE5 D+N inter baseline of DOVE6 0.4095 0.4020
DOVE6 D+N inter ranking with categories 0.3996 0.3943
DOVE7 D+N inter baseline of DOVES 0.4052 0.3976
DOVES8 D+N inter dendrogram 0.4069 0.3891

Table 1: Average precision for all runs
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Figure 2: Average precision at timed intervals
1D ASEL S A B C (S+A)/ASEL  (S+A+B)/ASEL
query-averaged query-averaged

DOVES (ranking) 688 120 383 62 122 0.7264 0.8371
DOVESG (categories) 598 94 325 50 129 0.7336 0.8202
DOVET (ranking) 671 99 387 66 116 0.7201 0.8372
DOVES (dendrogram) 543 87 319 40 94 0.7496 0.8368

Table 3: Query-averaged coverage of the DOVE judgements to the relevant documents in the 150 retrieved

documents

Table 2: Agreements of the DOVE judgements to the official judgements

1D S A B S+A S+A+B
DOVES (ranking) 0.2915 0.4150 0.1287 0.4483 0.4048
DOVESG (categories) 0.2768 0.3591 0.1687 0.4092 0.3807
DOVET (ranking) 0.2617 0.4142 0.1420 0.4429 0.3912
DOVES (dendrogram) 0.2798 0.3761 0.1254  0.4090 0.3627
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Figure 3: Example of transactions: “ranking” and
“dendrogram” for topic “0119”

if a subject determines one of those similar docu-
ments to be relevant, then other similar documents
around the seed document would also be relevant
and could be successively found.

Figure 3 shows examples of subject-system trans-
actions. In the “ranking” representation, subjects
generally look through documents from the top
rank to the downward direction one by one and
thus encounter many irrelevant documents. In the
figure, let’s focus on a series of papers, “a,” “b,”
“c,” and “d” written by the same authors. In the
“ranking” representation, these papers were at var-
ious rankings according to their relevance scores.
As a result, the intervals of the subject encounter-
ing these papers were 55, 85, 141 seconds for each.
These intervals are long enough for the subject to
forget the contents of the previously visited paper.
Actually, the subject read the each of the four pa-
pers. In “dendrogram,” on the other hand, all four
papers were grouped in one place and the subject
could successfully interpret the four papers as a se-
ries of papers. The subject first encountered “a”
and read its full text. Then the subject selected
“c” and “b” without reading their full texts. As for
the last one, “d,” the subject verified the full text,
but the reading time was less than 4 seconds.

Table 4 shows the number of “ASEL ASEL” suc-
cession (ASEL followed by ASEL) in each run, and
Table 5 shows the number of documents which are
judged to be relevant without browsing their full
texts (i.e., ASEL without AVISIT). Large values for

1D

DOVES (ranking) 65
DOVESG (categories) 57
DOVET (ranking) 50
DOVES (dendrogram) 135

Table 4: Number of ”ASEL ASEL” succession

these numbers represent that the subjects could find
a series of relevant documents at little cost, that 1s,
by simply glancing at their titles. Both tables show
the advantage of using “dendrogram,” which had
about twice the value of the baseline for both cases.
“Ranking with categories” was not effective.

In Figure 4, we plot the ASEL/AVISIT ratio
(query averaged) at timed intervals. This ratio
also measures the efficiency of the judgements. Al-
though the plots for “ranking with categories” were
almost same as the baseline, the plots for “den-
drogram” were totally different from the baseline.
Note that after about 100 seconds, the baseline
falls gradually, whereas the “dendrogram” curve
stays at about a 0.5 ratio of ASEL/AVISIT. This
means that in the “ranking” representation, sub-
jects read larger numbers of irrelevant documents
as the session progressed. In the “dendrogram”
representation, subjects read irrelevant documents
of course, but they also encountered many relevant
documents, meaning that the “dendrogram” repre-
sentation did not lose 1ts effectiveness at the end of
the session. This is a reason why the “dendrogram”
representation overtook the baseline in Figure 2 (av-
erage precision at timed intervals).

5 Conclusions

In NTCIR-2, we investigated two clustering-based
representations of search results to achieve efficient
relevance feedback. Although we were not con-
vinced of the advantage of these representations
from the standpoint of average precision, the “den-
drogram” representation helped human subjects to
easily select a group of similar relevant documents.
For the “ranking with category” representation, we
could not see its explicit advantage in any of the
evaluations. We believe that the current interface
for “ranking with categories” is complex and need
to be refined. For example, we provided several
re-sorting algorithms for categories, subjects might
have been confused by those algorithms and could
not select the best one.



ASEL/AVISIT

0.6

0.5

0.4

0.3

0.2

0.1

1D ASEL

ASEL without AVISIT

total S+A S+A+B
DOVES5 (ranking) 688 76 (0.1105) 62 66
DOVES (categories) 598 65 (0.1087) 56 58
DOVET (ranking) 671 51 (0.0760) 38 40
DOVES (dendrogram) 543 107 (0.1971) 70 79
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Table 5: Documents which are judged to be relevant without browsing their full texts
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