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Abstract

In this paper we study a visualization system for the purpose of helping the user to locate interesting
material in the retrieved data. The system works by placing the documents into 1-, 2-, and 3-dimensional
space and positioning them according to the inter-document similarity. We compute the quality of the
visualization by simulating a user searching for the relevant material and calculating average precision of
that search. We compare the numbers for the visualization with the same measure taken for traditional
ranked list. We show that the visualization performs — on average — significantly better than ranked list.
We show a significant advantage of multidimensional visualizations over the 1 dimensional one. We also
show that the difference between 2 and 3 dimensional visualizations is very small.

1 Introduction and Related Work

An information retrieval system places retrieved documents in a list in the order they are most likely to be
relevant: the first document is the best match to the user’s query, the second is the next most likely to be
helpful, and so on. The user of the system is expected to follow the system recommendations — start from
the top of the ranked list and follow it down looking at the documents one by one. In the ideal case the
user will see all the relevant documents before any non-relevant ones. We are interested in situation when
this simple model breaks down and the relevant documents appear to be scattered all over the ranked list.
We study alternative ways of organizing and browsing the retrieved documents that might help the user to
locate the interesting information quickly without needing to wade through a lot of non-relevant material.

In this paper we conduct an experimental analysis of an information visualization system that works
by placing documents in 1-, 2-, or 3-dimensional space and positioning them according to inter-document
similarity. We present significant support for the use of such a system as an alternative to a ranked list
for browsing retrieval results. We show that with the visualization relevant documents can be found more
quickly.

1.1 Related Work

Multiple visualization approaches have been developed in recent years. Generally these visualizations are
designed to present some type of patterns in a document set and they are considered to be browsing interfaces.
The format of the presentation varies significantly from system to system. For example, Hearst et al. [13]
suggest a clustering system that groups the retrieved documents into five (or another preselected number)
clusters and displays them simultaneously as lists of titles. A similar presentation was developed by Leuski
and Croft [15], however they do not limit the number of clusters and their display looks more like the
traditional ranked list.

It is very common for the information organization to be presented graphically. The documents, para-
graphs, and concepts are usually shown as points or objects in space with their relative position indicating
how closely they are related. Allan [1, 2] developed a visualization for showing the relationship between



documents and parts of documents. It arrayed the documents around an oval and connected them when
their similarity was strong enough.

The Vibe system [9] is a 2-D display that shows how documents relate to each other in terms of user-
selected dimensions. The documents being browsed are placed in the center of a circle. The user can locate
any number of terms inside the circle and along its edge, where they form “gravity wells” that attract
documents depending on the significance of those terms in that document. The user can shift the location
of terms and adjust their weights to better understand the relationships between the documents.

High-powered graphics workstations and the visual appeal of 3-dimensional graphics have encouraged
efforts to present document relationships in 3-space. The LyberWorld system [14] includes an implementation
of the Vibe system described above, but presented in 3-space. The user still must select terms, but now the
terms are placed on the surface of a sphere rather than the edge of a circle. The additional dimension should
allow the user to see separation more readily.

Our system is similar in approach to the Bead system [6] in that both use forms of spring embedding
for placing high-dimensional objects in 3-space. The Bead research did not investigate the question of
separating relevant and non-relevant documents. The system was designed to handle very small documents
— bibliographic records represented by human-assigned keywords. Leuski and Allan [16] extend the Bead
spring-embedding approach and applied it to complete, full-sized documents. They introduce the notion of
visualization quality for the retrieval purposes and conduct an extensive study of how the dimensionality
of visualization affects its quality. They also suggest two methods for incorporating user feedback into the
visualization.

The number of efforts to develop graphical information visualizations suggests their perceived importance,
but there have been few efforts to evaluate their quality. In this study, we focus on evaluating the visualization
for a specific task. We will show that the visualization results in substantial improvement in a hypothetical
user’s ability to find relevant material rapidly. In the next section we will describe the evaluation methodology
we used to conduct our experiments. We then proceed by describing the experiments and the results. We
conclude with discussion of future work.

2 Evaluation Methodology

Leuski and Allan [16] established an evaluation methodology for estimating quality of interactive information
organization systems. The essence of their approach is to select a particular task for the system and the
user, and then replace the user with an automatic simulated strategy that searches for the documents in the
organizational structure created by the system. They propose this approach as an inexpensive laboratory
way to obtain preliminary evaluation of a system’s performance before committing to a user study. In this
paper we follow their evaluation framework. We begin by establishing the experimental task for the analysis,
we then describe the system design, the search strategies, and performance measure.

2.1 Experimental Task

The task of locating the relevant information is the process we analyze in this study. We assume that the
user has located a few of the relevant documents — we believe this is a reasonable strategy and almost always
could be done by looking at the titles in the ranked list. We investigate how the visualization helps to
locate the rest of the interesting documents. Thus, the experimental task is defined: Given that some of the
documents presented by the information organization system are marked as relevant or non-relevant, isolate
the rest of the relevant material.

2.2 System Design

For this study we adopt the vector-space model of documents. Each document is represented by a vector V
such that v; is a tfidf weight of the ith term in the vocabulary:
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where tfis the number of times the term occurs in the document, docf is the number of documents the term
occurs in, and N is the number of documents in the collection. The distance between a pair of documents
is measured by the sine of the angle between the corresponding vectors. This measure of distance i1s widely
used in vector-space model [18].

We want to visualize the vectors in 1-, 2-; or 3-dimensions preserving the relative distances (or relative
similarities) among them. For this purpose we employ a multidimensional scaling approach that is called
spring-embedding. Spring-embedding is a force directed placement graph drawing algorithm that generates
an approximate solution to a graph layout when the distances between connected nodes are given as con-
straints [10]. The constraints are modeled as springs. The inter-document similarities serve as constraints
in our experiments.

It has been pointed out [16] that if all the constraints are incorporated into the spring-embedding process
the resulting structure is very tight and resembles a “soccer-ball”. To prevent this from happening a threshold
parameter is introduced into the algorithm — all constraints that fall below a predefined value are removed
from the process. It allows us to generate more “interesting” spatial structures. Unfortunately, we now have
a parameter that we do not know how to select.

Our intuition is that the interesting embeddings will have some amount of spatial structure — e.g., they
will exhibit clumps. This intuition i1s partially grounded in the Cluster Hypothesis: “closely associated
documents tend to be relevant to the same requests” [19, p.45]. Croft [8] showed that this hypothesis holds
in a retrieved set. Thus, the relevant documents should be similar to each other and therefore should show
up in the visualization as a clump. So we choose to search for clumps. To measure the “clumpiness” we
turn to the point field theory [7]. There a statistic called the K-function is introduced [5] that estimates the
average tightness of a point pattern:

K(h) = X"'E(N(R)), h>0, (2)

where F/(-) is the expectation operator on the point set and A is the “intensity” of the point set. In other
words, the K-function is the average number of points in the point set within distance h of any point in this
set, normalized by the mean number of points in a unit volume of space. The values of the K-function are
then compared to the values of the K-function for a known random pattern — i.e., a pattern that does not
exhibit any clumps. The amount of difference between the two statistics is used to judge the clumpiness of
the original point pattern. This approach is described in greater detail elsewhere [17].

2.3 Search Strategy

We measure the quality of the visualization by defining a search strategy that simulates a user looking for the
documents in a point pattern representing the document set. We have experimented with multiple search
strategies. Two of the strategies are presented in this paper:

Single Document Strategy We assume that we know at least one relevant document. The strategy starts
at an arbitrary known relevant document and proceeds by analyzing the rest of the unknown documents
in proximity order relative to the starting point. If there are several possible starting points (we know
more then one relevant document) the final performance is averaged across all starting points.

Cluster Centroid Strategy We assume that we know relevance judgments for some of the documents.
The strategy begins by defining a cluster that contains all the known relevant documents. It then
proceeds by analyzing the rest of the unknown documents in proximity order relative to the center of
the cluster. If the document 1is relevant, it is added to the cluster and the centroid shifts.

2.4 Performance Measure

Our search strategies consider the unknown documents in a particular order that depends on the relative
spatial location of the documents and other factors. This order of the documents is considered to be another
ranked list. Given the order of the documents we evaluate the ranking by calculating non-interpolated
average precision [12]. When there are multiple possible orderings, we use the average of all of them.



3 Experiments

In this section we describe the testbed that we used for running our experiments. We then proceed by describ-
ing seven experimental questions that we consider, presenting their results, and analyzing the implications
of our results where appropriate. The questions we consider are:

1. Can we choose a threshold for spring embedding?
2. Are more dimensions better for the embedding approach?
3. What is the benefit of different search strategies?

4. How does the embedding compare to the classical ranked list?

3.1 Experimental testbed

For our experiments we used TREC [11] ad-hoc queries with their corresponding collections and relevance
judgments. Specifically, TREC topics 251-300 were converted into queries and run against the documents
in TREC volumes 2 and 4 (2.1GB). For each TREC topic we considered four types of queries: (1) a query
constructed by extensive analysis and expansion [3]; (2) the description field of the topic; (3) the title of the
topic; and (4) a query constructed from the title by expanding it using Local Context Analysis (LCA) [20].

In addition, we used TREC topics 301-350 to create queries to be run against TREC volumes 4 and 5
(2.2GB). Again, the same four different types of queries were constructed, except instead of just using the
description field for the second query type, we used both the title and the description field of the topic. The
description fields for topics 301-350 were constructed to assume the presence of the title. In contrast to an
earlier study [16], where the authors considered only queries which produced a reasonable amount of relevant
documents in the top 10 documents, we do not limit our query sets.

For each query we selected the 50 highest ranked documents and embedded them in 1, 2, and 3 dimensions.
To “seed” our search strategies with a starting point we assumed that the relevance judgments for all the
documents from the top of the ranked list to the first relevant document are available to the system. This
is similar to a situation when a user starts reading documents from the top of the ranked list and continues
until reaching a relevant document. However, we did not use this information to construct embeddings. The
earlier study [16] suggests an approach to incorporate relevance information into the visualization. The
ranked list was treated as an embedding in 1 dimension where the documents are positioned according to
their rank values. Note, that both search strategies considered in this study will traverse the ranked list in
the traditional way — from the top (or from the highest ranked unknown document) to the bottom. Thus,
the precision scores should correspond to the precision scores that are usually reported for an information
retrieval system.

3.2 Threshold Selection

Recall the threshold that avoids tight soccer-ball configurations. For N documents there are generally
N(N —1)/2 different threshold values — for 50 documents that results in 1225 different embeddings. What
is the expected quality of the visualization when we are forced to select the threshold for the embedding
randomly? Can we improve on that by considering only embeddings with high spatial structure — i.e.,
“clumpy” embeddings?

We measure the spatial structure in a point pattern by considering the difference between the K-function
computed for the point pattern and the K-function computed for a known unstructured pattern. For
the latter we used a Poisson generated pattern. In contrast with the earlier study [16] where the authors
studied only the absolute difference in the K-functions, six parameters were considered: minimum difference,
maximum difference, absolute value of the difference, and normalized versions of each parameter among
embeddings for each individual query. We then performed a linear regression of normalized values of precision
on these six parameters across 50 TREC-5 full queries embedded in 2 dimensions. We chose the normalized
precision over the actual precision for two reasons. First, we use the linear model generated by the regression
to predict relative values of precision as compared to the exact numbers — we need the model to select the



Table 1: Threshold selection procedure effect. The first 1D, 2D, and 3D columns are for the case when
no threshold selection procedure is applied. The second 1D, 2D, and 3D columns is for the case when the
thresholds are selected using a regression model. Percent improvement is from without threshold selection
to with threshold selection for that dimensionality.

Query sets Embedding
w/o threshold selection w/ threshold selection

id 1D 2D 3D 1D 2D 3D

1 Full 29.3 | 31.3 31.6 284 ( -3.0 %) | 38.1 (+21.5*%) | 39.9 (+26.2*%)
2 | TREC-5 | Desc 26.4 | 304 31.3 23.6 (-10.7*%) | 44.2 (+45.4*%) | 46.2 (+47.6*%)
3 Title 22.2 | 25.3 25.8 22.0 ( -0.9 %) | 36.8 (+45.3*%) | 38.1 (+47.4*%)
4 Title + Desc | 23.6 | 25.7 26.0 22.2 (-6.0%* %) | 35.3 (+37.2*%) | 37.5 (+43.9*%)
5 Full 35.2 | 39.8 40.8 33.6 (-4.7%* %) | 50.3 (+26.3*%) | 51.4 (+26.1%*%)
6 | TREC-6 | Desc 316 | 36.8 38.1 30.7 ( -2.9 %) | 51.4 (+39.5*%) | 52.8 (+38.3*%)
7 Title 29.7 | 351 36.5 29.6 ( -0.3 %) | 51.1 (+45.3*%) | 52.7 (+44.6%*%)
8 Title 4+ Desc | 33.4 | 39.0 39.9 32.7 ( -2.1 %) | 50.0 (+28.1*%) | 52.2 (+30.6*%)
averaged on 2-8 28.9 | 33.2 34.1 27.8 (-3.9% %) | 45.6 (+37.3*%) | 47.3 (+38.7*%)
averaged on 5-8 325 | 37.7 38.8 31.6 (-2.6* %) | 50.7 (+34.4*%) | 52.3 (+34.6*%)

best embedding among a set of all possible ones for a given query. Second, we also observed that the model
that regresses normalized precision has a slightly better data fit then the one that tries to predict the actual
precision values.

The resulting regression model was then considered as the threshold selection algorithm — we select the
embedding that produces the highest value for the linear model. We then studied how the threshold selection
improves our chances of selecting an embedding with a good precision value. We also trained different linear
regression models on both 1 and 3 dimensional data. Generally the results were consistent with what we
observed for the 2 dimensional model. We do not report those numbers.

In this section we provide the results we obtained in our experiments. Each table shows the corresponding
average precision numbers and the percentage improvement over the baseline data. A star in the percent-
age column designates that the change in the precision is statistically significant according to t-test with
significance level p < 0.05. We report the values for both TREC-5 and TREC-6 query sets in 4 different
modifications. Recall that the threshold selection linear regression model was trained on the embeddings for
TREC-5 full queries. The rest of the queries for TREC-5 (title, descriptions, and titles with descriptions)
are different and therefore result in different document sets and might have been considered for testing.
However, we draw our conclusions only on TREC-6 queries; the rest of the data is provided to illustrate the
robustness of the procedure — that the effect does not change much when switching from training to testing
data.

Table 1 shows the effect our threshold selection procedure has on the embedding quality. Cluster Centroid
search strategy was employed for these experiments. We provide the results for all 8 different query sets
and across 3 different dimensions for embedding. The threshold selection significantly improves the expected
value of the embedding in both 2 and 3 dimensions by 34.4% and 34.6% respectively. It does hurt in the one
dimensional case — we observe a slightly worse embedding than we could get by randomly selecting one.

3.3 Dimensionality Effect

Despite intuition that a high dimensional visualization provides more degrees of freedom and therefore a
better chance to represent the inter-document relationship accurately, the earlier study [16] found that there
is almost no difference in the quality of the embeddings in 2- and 3- dimensions. We were interested in
repeating this study with a larger data set and a better threshold selection procedure.

Table 2 shows a clear advantage of multidimensional embeddings over the 1-dimensional ones. We observe



Table 2: Dimensionality effect. Visualization quality evaluation of different query sets in different dimensions.
Percent improvement is from 1D to 2D, from 1D to 3D, and from 2D to 3D.

Query sets Embedding in

id 1D 2D 3D

1 Full 984 | 38.1 (133.07%)| 39.9 (+40.47%) ( +4.9 %)
2 | TREC-5 | Desc 93.6 | 44.2 (+87.8%%)| 46.2 (+96.0%%) ( +4.4 %)
3 Title 92.0 | 36.8 (+67.3%%)| 38.1 (473.1%%) ( +3.4 %)
4 Title + Desc | 22.2 | 35.3 (+59.2%%)| 37.5 (+69.0%%) (+6.2*%)
5 Full 33.6 | 503 (+49.7°%)| 514 (+53.17%) (+2.2 %)
6 | TREC-6 | Desc 30.7 | 51.4 (+67.4%%)| 52.8 (+71.9%%) (+2.7 %)
7 Title 29.6 | 51.1 (+72.6%%)| 52.7 (+78.24%) (+3.3 %)
8 Title + Desc | 32.7 | 50.0 (+52.8%%)| 52.2 (+59.5*%) ( +4.4 %)
averaged on 2-8 27.8 | 45.6 (+64.2*%)| 47.3 (+70.3*%) (+3.7*%)
averaged on 5-8 31.6 | 50.7 (+60.1*%)| 52.3 (+65.2*%) (+3.2*%)

a significant improvement in quality when considering 2 and 3 dimensional visualizations (by 60.1% and
65.2% respectively). We also observe a statistically significant, though very small advantage of 3 dimensional
visualizations over 2 dimensional ones (3.2%). This result confirms the findings made in the earlier study [16].

3.4 Search Strategy Effect

We experimented with several different search strategies that varied from a “simple-minded” Single Document
strategy to significantly more sophisticated ones that adjusted their behavior as more relevant and non-
relevant documents were discovered. We were interested in how much effect a search strategy has on the
outcome of the simulation.

Both Table 3 and Table 4 report the embedding quality for two different strategies: the Cluster Centroid
and the Single Document strategies. The former strategy makes intensive use of the relevant information
and adapts as it discovers more relevant documents. The latter one 1s predetermined by the position of the
starting point — the first relevant document. Therefore, it is not surprising that the former strategy tends
to perform better then the latter one. What is surprising however, is that the difference is small: 1.3% for
the 3 dimensional embeddings in Table 3.

Table 4 shows the precision numbers for a different initial condition. We assume that the relevance
judgments for all top ten documents are known and the relevant documents among them are used as the
starting points for the search strategies.

3.5 Comparison to Ranked List

Finally, the most important question that we considered in this study is how the quality of the visualization
compares to the original ranked list. The earlier study [16] did not provide sufficient evidence that visualiza-
tion has any advantages over the ranked list. Moreover, the authors of that study did not find any difference
in performance between the visualization and the ranked list. Our experience with visualization suggests
otherwise, so we were interested in seeing if we could improve on that result.

For this comparison we provide a second baseline: a ranking obtained by using relevance feedback [4].
Recall, that we assume the relevance judgments for at least one document — the highest ranked relevant — are
known to the system. A search strategy elaborates on this information by using that document as a starting
point from which it searches for the rest of the relevant material. We use the same relevance information to
perform automatic relevance feedback, adjust the original query and reorder the existing ranked list. This
approach is supposed to bring the relevant documents up in the ranked list and improving the user’s chance
of finding them sooner.

Table 3 shows a significant advantage of the visualization over the ranked list (15.6% for 3 dimensional
embeddings). The effect of relevance feedback to improve the ranked list is insignificant. Recall that we have



Table 3: Ranked list vs. spatial embeddings. Visualization quality evaluation of different query sets in
different dimensions. The first column 1s for the system ranked list. The second column is for the system
ranked list after relevance feedback was applied. The third column is for embeddings in 2- and 3-dimensions
when precision is determined by the centroid search strategy. In the last column precision is determined by
the single document search strategy. Percent improvement is from the ranked list to the embedding.

Query sets Embedding
cluster centroid strategy single document strategy

id RL RF 2D 3D 2D 3D

1 Full 36.2 | 35.9 ( -0.7 %) | 38.1( 5.2 %) | 39.9 (10.4*%) | 37.4 ( 3.5 %)| 39.3( 8.6 %)
2 | TREC-5 | Desc 34.1 | 42.6 (24.9%*%) | 44.2 (29.8*%) | 46.2 (35.5*%) | 42.0 (23.2*%) | 44.0 (29.1*%)
3 Title 31.0 | 32.0 ( 3.3 %) | 36.8 (18.9%*%) 38 1(23.0%*%) | 34.5 (11.5%) | 36.8 (18.8*%*%)
4 Title + Desc | 31.0 | 34.5 (11.5*%) | 35.3 (14.0*%) 5 (21.1*%) | 34.1 (10.1 %) | 36.9 (19.2*%)
5 Full 51.0 | 51.3 ( 0.6 %) | 50.3 (-1.5 %) 51 4 (0.7 %)|503(-1.4%)|51.7( 1.4 %)
6 | TREC-6 | Desc 42.5 | 46.9 (10.3*%) | 51.4 (20.9*%) | 52.8 (24.2*%) | 49.6 (16.8%%) | 52.1 (22.6*%)
7 Title 40.1 | 424 ( 5.6 %)| 51.1 (27.3*%)| 52.7 (31.5*%) | 48.4 (20.7*%) | 51.4 (28.1*%)
8 Title + Desc | 47.2 | 41.8 (-11.5*%) | 50.0 ( 5.8 %) | 52.2 (10.5*%)| 48.4 ( 2.5 %) | 51.2 ( 8.5 %)
averaged on 2-8 39.5 | 41.6 ( 5.3* %) 45 6 (15.2*%%) | 47.3 (19.5*%) | 43.9 (11.0*%) | 46.3 (17.1*%)
averaged on 5-8 45.2 | 45.6 ( 0.8 %) JT(12.1%%) | 52.3 (15.6%%) | 49.2 (8.8% %) | 51.6 (14.1*%)

only one relevant document for the relevance feedback. This is not condemnation of relevance feedback, but
an 1illustration of its difficulty with few relevant documents.

If more relevant documents are available to a search strategy to use as starting points (Table 4) the
advantage is more prominent (25.6% for 3 dimensional embeddings).

4 Conclusion and Future Work

In this paper we presented a substantial extension of the approach developed by Leuski and Allan [16]. We
studied a visualization system for the purpose of helping the user to locate interesting material in the retrieved
data. The system works by placing the documents into 1-, 2-; and 3-dimensional space and positioning them
according to the inter-document similarity. As compared to the earlier study we provide a more robust
threshold selection procedure that allows us to design a system that performs — on average — significantly
better than traditional ranked list.

In addition to that we have observed that:

e Spatial structure of the embedding picture has a high correlation with the retrieval quality of the
embedding. We defined a simple linear regression model that selects embeddings with significantly
higher qualities than the ones uniformly selected.

e We confirmed earlier findings [16] that the dimensionality of the visualization plays an important role in
defining its retrieval quality. We observed significant improvement of multidimensional visualizations
over the 1 dimensional one. A 3 dimensional visualization has a small advantage over a 2 dimensional
one.

4.1 Future Work

In this study we considered only two classes of documents: relevant and non-relevant. This was caused by
the lack of data of any other kind. We are looking into extending our approach into situations when the user
places the relevant documents into multiple classes. That task is modeled after the interactive TREC task
of “aspect retrieval.”




Table 4: Ranked list vs. spatial embeddings. Visualization quality evaluation of different query sets in
different dimensions. The top ten documents in the ranked list are judged. The first column is for the system
ranked list. The second column is for embeddings in 2- and 3-dimensions when precision is determined by the
centroid search strategy. In the last column precision is determined by the single document search strategy.
Percent improvement is from the ranked list to the embedding.

Query sets Embedding
cluster centroid strategy single document strategy

id RL 2D 3D 2D 3D

1 Full 27.9 | 34.9 (24.8*%) | 36.1 (29.0*%) | 33.9 (21.2*%) | 34.8 ( 24.6 %)
2 | TREC-5 | Desc 25.6 | 36.7 (43.7*%) | 37.9 (48.2*%) | 34.8 (36.0%*%) | 36.1 (41.1 %)
3 Title 25.6 | 30.7 (20.0%*%) | 32.9 (28.6*%) | 28.6 (11.9*%) | 30.2 ( 18.0 %)
4 Title + Desc | 19.6 | 28.1 (43.6%%) | 29.8 (52.2*%) | 27.1 (38.6%*%) | 28.5 (45.8*%)
5 Full 41.3 1 412 (-02%)| 422 ( 2.2 %) | 406 (-1.7%)| 41.2 (-0.4 %)
6 | TREC-6 | Desc 34.6 | 46.7 (35.1%*%) | 49.0 (41.8%%) | 44.7 (29.2*%) | 47.1 (36.1*%)
7 Title 29.9 | 40.3 (34.5*%) | 42.7 (42.6*%) | 37.5 (25.2*%) | 39.4 (31.5*%)
8 Title + Desc | 35.4 | 40.8 (15.0%*%) | 43.5 (22.7*%) | 39.0 ( 9.9 %) | 41.2 (16.2*%)
averaged on 2-8 30.3 | 37.8 (24.8*%) | 39.7 (31.1*%) | 36.0 (19.0*%) | 37.7 (24.3*%)
averaged on 5-8 35.3 | 42.2 (19.6%%) | 44.4 (25.6*%) | 40.4 (14.5*%) | 42.2 (19.5*%)

We are planning to do more work to investigate different user strategies before attempting a real user
study. The user study is a useful final test of our hypotheses. We are also interested in visualizations that
show how new documents relate to previously known material.
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