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Abstract— Hierarchical representations are common in digital repositories, yet are not always fully leveraged in their online

search interfaces.

This work describes ResultMaps, which use hierarchical treemap representations with query string-driven

digital library search engines. We describe two lab experiments, which find that ResultsMap users yield significantly better results
over a control condition on some subjective measures, and we find evidence that ResultMaps have ancillary benefits via

increased understanding of some aspects of repository content.

The ResultMap system and experiments contribute an

understanding of the benefits—direct and indirect—of the ResultMap approach to repository search visualization.

Index Terms—Treemap, evaluation, user studies, digital library, digital repository, search engine, search visualization, infovis.

1 INTRODUCTION

Hierarchy is a fundamental organizational paradigm. People use
hierarchy to abstract key concepts from groups of similar items and
to help structure their reasoning. One common use of hierarchy is as
an ontology, such as the ACM Computing Classification system. As
libraries have moved to the World Wide Web (WWW), so has their
use of hierarchical classifications. Naturally, such hierarchies are
often a central component for browsing online repositories. But their
comparable use in repository search is generally limited. In a survey
of educational digital libraries, we have found hierarchies are
underutilized in the context of repository search beyond their use
with simple filtering [9].

We developed ResultMaps, a treemap-based [19] search visuali-
zation system, as a way of using existing hierarchical metadata to
enhance digital library (DL) search engine result pages (SERPs).
ResultMaps use hierarchical tree structures (e.g., a subject classifica-
tion) to map each repository document into a treemap and highlight
items that correspond to query results on the current SERP.
Interaction links those nodes to traditional text listings.

The text listing leverages users’ familiarity with that environment
and provides a connection to the more sophisticated ResultMap
representation of the same data. ResultMaps encode the full contents
of a hierarchal dataset, preserving visual consistency between
queries. Moreover, it provides a view into lower levels that is lost by
flattening the hierarchy. This work details our ResultMap approach
along with two lab evaluations of its use, which find that ResultMaps
provide some ancillary and subjective benefits. We conclude with
some comments on evaluating infovis and information-seeking tools.

2 RELATED WORK

Other types of information search applications that relate to
hierarchy—faceted navigation systems, for instance—might also
benefit from ResultMaps. Indeed, our current work concerns faceted
applications from both a theoretical [10] and experimental perspec-
tive. But converting a data repository to use faceted metadata is not
a trivial task, and directed keyword search systems are still highly
prevalent, especially in DLs. Yet as a matter of course such
environments lack useful contextualization: consequently, this work
focuses specifically on a SERP application.
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Researchers have approached visualization of search results and
relevancy in at least two ways: relevance with respect to search
terms, and relevance within the context of the overall information
space. The VIBE system, which shows how different queries
influence relevance [32], was an early attempt to create meaningful
context beyond simple relevance-based lists. Veerasamy and Belkin
addressed the same problem using a different visualization approach
[39]. They compared their system to a text-based interface and
found a few significant differences in favor of their visualization.

But as a WWW search paradigm has emerged and become more
ingrained for even casual users [29], it is a challenge to assist users
without detriment to their expected usage environment. In-browser,
VRML applications [34] are nominally WWW infovis systems, but
do not mesh with everyday WWW environments. In contrast,
Hearst’s TileBars [16] do well at minimally invading users’ expected
environment by augmenting search results with small, informative
glyphs. Our work focuses on the second of the two infovis
approaches, so we turn now to previous work related to visualizing
search results as they relate to a larger overall information space.

21 Contextualized Search Visualization

Search visualization for the global search context (vs. within
individual documents) requires a structured information space to
relate search results to one another and to the overall space. Kules’
dissertation [23] focuses on features to use for automatic categoriza-
tion of WWW search results, and also reports a study of a treemap-
based overview of search results, finding them comparable to
outline-form overviews (and more effective than no overview).

There are a host of 3D search visualization systems, among them
LVis [4], Cat-a-Cone [17], NIRVE [35] and SPIRE/Themescapes
[40]. A common theme among such 3D works is having limited or
poor evaluation results, however. Themescapes is the most similar
the ResultMaps, depicting an abstract document landscape with hills
and valleys representing the relative strength and interrelations of
various themes in the corpus. Themescapes can position individual
search results as points on the 3D landscape as well.

The xFind system includes a search client with both a scatterplot
and a ‘thematic clustering’ display called Vislslands [1]. VisIslands
is a 2D tool that borrows conceptually from Themescapes, but
visualizes documents matching specific search queries instead of the
entire information space. Kohonen (or self-organizing) maps [22]
are visually similar to treemaps, but use neural networks to cluster
documents into semantically similar regions. Lin applied Kohonen
maps to contextualize digital library search results in a manner that is
similar to our SERP application [28]; Chen et al. evaluated a similar
system, finding it less effective than the Yahoo! portal [7].

2.2 Visualization for Digital Repositories

In environments that have pre-existing metadata such as digital
libraries, systems can forgo clustering algorithms. The Envision
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Fig. 1. A ResultMap-enhanced search engine results page
(SERP). Interactive behaviors (brushing, et al.) links the result
listing (at left) to the ResultMap (at right) and vice versa.

digital library includes a visualization system that places documents
in a 2D grid according to user-selectable attributes [31]. The CitiViz
[20] and EtanaViz [36] systems use hyperbolic trees [25] and scatter
plots to visualize library contents. The hyperbolic tree uses either
pre-formed or automatically clustered hierarchies; tree node sizes
correspond to the number of relevant documents within a category.
PARC researchers have used treemaps for access to personal
digital stores [14], but focus more on issues with the transition from
browsing to reading individual documents. Refinement via keyword
queries crops irrelevant documents from the visualization. Evalua-
tion is left to future work. Klerx, Duval and Meire implemented a
treemap-based visualization interface into the Ariadne repository
[21]. However, there is no search facility within their tool, no
application of their visualization to search results, or evaluation.

23 Faceted Navigation

Faceted classification—classifying items into multiple independent
categorization schemes (or facets)—is a topic from library science
that has become popular in computing. Systems based on this type
of structure are known as faceted navigation systems. Flamenco is
one of the first frameworks of this type [41]; commercial vendors
(e.g., Amazon, eBay) have also adopted facet-based navigation.
Facets can be hierarchical, so our SERP ResultMaps could be
considered a degenerate (i.e., one facet) case of faceted navigation.

Microsoft Research’s FacetMap [37] and follow-on FacetLens
[26] systems apply treemap-inspired visualizations to general faceted
data. A treemap represents each facet, which update in response to
user selections. Selections refine the information space by pruning
documents. The FacetZoom widget acts as a stack of 1-dimensional
treemaps [12]; like the Microsoft systems, selections reveal further
refinement options but filter out disregarded choices.

24

Our survey of prior work motivates our efforts. Treemap or map-
like approaches to search visualization are similar in some cases
[14] [21] [22] [23] [28] [31] to ResultMaps, but those works that
actually present evaluations do not address side effects on dataset
knowledge or query reformulation. We also employ an engagement
measure, which is not present in those studies. Search visualization
works tend to rely on a separate application environment [1] [6] [20]
[35] [36] [37] [40] rather than integration in the browser.

The FacetMap, FacetLens and FacetZoom works are similar
conceptually, but ResultMaps differ in several ways. First, these
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systems do not show the entirety of a facet hierarchy. Second,
selecting a facet value removes non-matching documents from the
view (losing the context of the global document space). These
differences suggest ResultMap-augmented search is an interesting
approach, and evaluations of their more unique features can
contribute a better understanding of how visualization can support
information-seeking behavior.

3 DESIGN AND IMPLEMENTATION
We define a ResultMap as a treemap that:

e encodes a digital repository’s full contents according to a
hierarchical metadata attribute,

e accentuates certain nodes indicated by a query engine, and

e interactively links to a text listing of query responses.

We refer to the metadata attribute used in ResultMap layout as
the mapped attribute. Encoding the entire repository (rather than, for
example, encoding only items relevant to a query) provides a stable
context in which to accentuate query responses. The pairing of the
data visualization and a traditional text display combines a familiar
paradigm for exploring query results with a visual interface to the
same data; the interaction between the two reinforces the pairing and
allows the user to move between textual and visual processing of the
same data.

The latter transition is significant: the ordering of search results
biases user selections toward the top of the list regardless of the
actual quality of the results [15]: users essentially substitute the
judgment of search engines for their own. As a result, users likely
never see highly relevant pages or documents that are ranked low on
a SERP. This is especially problematic in the restricted context of a
digital library. If editorial control reduces the number of low-quality
results and link structure is less helpful in determining relevance, it is
more likely that useful results will occur lower in SERP rankings.
ResultMaps provide an alternative representation of results in which
a more salient feature—like topical classification—can call attention
to relevant results that are not highly-ranked in a SERP. Many such
preexisting categorizations exist as potential applications: library
collections, Usenet archives, consumer products, etc.

31 Research Platform

We have developed a digital library for Human-computer Interaction
(HCI) and Human-centered Computing (HCC) educational materials
[9]: the HCC Education Digital Library (HCC EDL). The HCC
EDL provides free, high-quality resources for teachers, students and
practitioners. Moreover, it classifies its content into a hierarchical
taxonomy of HCI/HCC topics, and thus is also a convenient research
testbed. To that end, we have augmented the HCC EDL search
engine with ResultMaps for use with our studies.

In our implementation, the metadata from our taxonomy classifi-
cation is the mapped attribute. We refer to individual components of
the taxonomy as categories. We call categories at the root of the
taxonomy fop-level. When we say a document belongs to a category,
we mean that it is classified in that category or one of its descendant
categories (subcategories). In our library, we distinguish an item’s
document type from its file type: the former refers to an item’s
semantic nature (e.g., lecture, image) while the latter to its encoding
(e.g., PowerPoint or JPEG).

3.2 Design Decisions

Two of the more significant design decisions implicit in our
ResultMap definition are:

e Encoding the entire repository hierarchy.
e The choice of a treemap as our visual representation.

Encoding the entire repository (rather than, for example, encod-
ing only items that are relevant responses to a query) provides a
stable context in which to accentuate query responses (cf. similar
choice made by the FundExplorer system [11]). ResultMap
consistency could also have beneficial ancillary effects: exposing a
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Fig. 2. Detail of a ResultMap. Color encodes document type as
indicated by the legend; treemap hierarchy is by topic classification.

stable representation of the entire information space with every page
view provides a means for users to gain additional knowledge about
repository content as a side-effect of searching for perhaps specific
documents (e.g., breadth/distribution of topical coverage). That kind
of knowledge could be useful for future information-seeking tasks.

Treemaps are space-constrained and -efficient methods for repre-
senting complex hierarchies and as such suit ResultMaps, which
augment text listings in a web usage environment. Constrained
space usage means ResultMap pixel requirements are invariant to
repository size. Other representations are not space-constrained
(e.g., node-link diagrams) or space-efficient (e.g., hyperbolic trees
[25]). Simpler approaches like data graphics or numeric indicators
can give users a high-level indication of how a corpus is distributed
over metadata values, but obscure skew at lower tree levels. Dataset
features like outliers or clusters are also more apparent in a treemap
rendering vs. simpler approaches. For instance, it is clear in Fig. 2
that there is an outlier at top right and a cluster near the top left.

Detecting outliers is not a spurious task. For example, when a
user is having difficulty choosing keywords to retrieve appropriate
documents, outliers may represent items of more interest than
clusters. Outliers can also indicate data idiosyncrasies—which might
be data errors (of interest to library administrators or analysts)—or
simply unusual items—which might be interesting to a user precisely
because they are topically distinct from most results (but potentially
still related to the same query string).

3.2.1 Visual Design

Fig. 2 shows a ResultMap from our implementation. We use a
squarified treemap layout algorithm [5]. The relative instability of
the squarified algorithm is not critical, since the rendering changes
only when items are added or removed from a library. When
categories have inherent order (e.g., chronological groups), we use a
strip layout [2]. A 1-pixel frame around category nodes distinguishes
category groupings. We render labels for all top-level categories and
lower-level categories as space allows without detecting label
collisions. This is a naive strategy, but graph and map labeling is a
complex topic on its own and beyond the scope of this work.

Node size is unweighted in our implementation. Though this
reduces the amount of information our ResultMaps convey, we have
few quantitative attributes in our dataset that would be useful to
encode. Search relevancy scores are one possibility, but would result
in ResultMaps with unpredictable layouts and run counter to our goal
of providing stable context for query result highlighting. Popularity
(e.g., number of downloads) is one option; however, we explicitly do
not want to emphasize more popular documents in our DL to avoid
drowning out lesser-used content.
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Fig. 3. The effects of brushing a result list entry: Yellow rectangles
radiate from the highlighted nodes and disappear; the corresponding
legend entry and ResultMap nodes are highlighted in red.

Highlighted nodes are colored and non-highlighted entries are
grayscale (see Fig. 2). Brightness decreases with increasing tree
depth, which makes hierarchical structure easier to interpret. Color
hue indicates document type. A key' below the ResultMap shows
the correspondence between our 11 document types (just within
advisable limits for distinguishable nominal color schemes) and the
corresponding colors. In general, a designer could use any metadata
attribute to determine a color encoding; that attribute the key
attribute (in this implementation, document type).

3.2.2 Interaction Design

We link the ResultMap, its legend and the search result listing via
brushing: hovering over a node in the ResultMap highlights the
appropriate legend entry, any other ResultMap nodes that correspond
to the same document, and the appropriate entry in the search result
listing. Brushing an entry in the search result list highlights the same
items as well. In the implementations we tested for this work, no
brushing occurs from the legend entries (but has since been added).
Highlighting entails all of the following (see Fig. 3 and Fig. 4):

e ResultMap document node: outline in red all instances of the
document in the ResultMap; animate yellow boxes radiating
from all document instances.

e SERP document list entry: change background to silver.

e ResultMap legend entry: change background to silver; change
font color to red; add under- and over-line.

The search engine also matches whole categories, which can also
be brushed within the ResultMap and list. That involves:

e Brushing from ResultMap category to SERP category list:
e Outline in red the category in the ResultMap
e Change SERP category list entry background to silver.
e Brushing from SERP category list to ResultMap:
e Outline in red the ResultMap category and change its inte-
rior to white

Brushing a ResultMap node when the corresponding result listing
is outside of the browser viewport shows a message indicating that
the user should scroll up or down as necessary. The ResultMap is
anchored to the same position within the window. Clicking a
ResultMap node smoothly scrolls the viewport to the corresponding
list result and expands the entry to show additional details about it.

! Generated by ColorBrewer, available at http://www.ColorBrewer.org
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Fig. 4. The effects of brushing a ResultMap node: the correspond-
ing result list item, key entry, and other ResultMap nodes are
highlighted. This also shows the result of clicking on a ResultMap
node: the corresponding result list entry expands to show additional
details and scrolls the viewport to it.

3.2.3 Technical Details

The connection between the ResultMap and the rest of the SERP is
central to its design. For that reason, our use of web standards
(DHTML) to implement ResultMaps is important. Building a usable
web-based visualization system means conforming to user expecta-
tions about the web [29]. The authors of the Relation Browser (RB),
for example, speculated that users had minimal appreciation for its
features partly because of “the layering effects of the RB over the
[web interface] where the primary content is found” [6]. Browser
plug-ins or standalone applications make more advanced interface
features possible, but also make interaction with non-plugin portions
of a web page cumbersome or impossible. Since it is precisely that
interaction that is important, simplicity trumps additional capability,
even without considering accessibility or search engine indexing.

We use Java Server Pages (JSPs) and the open-source Lucene
search engine’® with a prefuse-based [18] application-level persistent
Java object to store the rendered treemap and provide formatted,
relatively-positioned HTML to the JSP. We cache a background
treemap image so that the JSP only requests highlighted node data,
and use Cascading Style Sheets (CSS) and JavaScript to handle node
presentation and interactivity. The background image sets the
ResultMap size to 350x233 pixels. This static size, while enabling
cached data use and its associated performance benefits, prevents us
from dynamically determining and using all available vertical space.

3.3  Scalability Analysis

We would be negligent not to explore and quantify the representa-
tional limits of ResultMaps. Our SERP ResultMaps are 350x233
pixels with a 1 pixel frame; our library corpus as of March 2009 has
90 categories and 585 documents (including multiple categoriza-
tions). Frames consume 26.9% of the 81,550 total pixels, with an
average node size of 10x10 pixels. If we allow average node size to
decrease to 3x3, HCC EDL ResultMaps scale to 6,600 documents
(one of the datasets in our experiments is 5,518 nodes). Clearly it is
desirable to increase this threshold. The most direct way is
enlargement: using 350x600 ResultMaps increases the limit to
17,500 nodes—still smaller than many real-world datasets.

A more promising approach is to relax our assumption of directly
rendering documents individually. Instead, we can collectively

? http://lucene.apache.org/java/docs/

represent documents by bucketing leaf nodes so that one node
represents multiple logical documents. That is, group leaf nodes
within their parent categories by their key attribute values. This is
equivalent to rendering ResultMaps that sort leaf nodes by key
values and halt the layout one level above the leaf nodes. This
approach introduces collisions when we need to highlight multiple
nodes in the same bucket, but we can address this by highlighting all
relevant nodes and list items from their shared ResultMap represen-
tation. While this precludes acting on a ResultMap surrogate
identically with a document’s list representation, this tradeoff is
warranted to support real-world library sizes, and we have done so in
subsequent work.

The scalability of this collective approach is thus bounded by the
number of categories rather the number of documents in a collection.
Corpora of any size are well supported when there a few thousand
categories (depending on ResultMap size and desired node size),
suitable for use with Dewey Decimal or Library of Congress
classifications. This method also has the advantage of permitting a
graceful transition from individual to collective representation: the
position or size of the category nodes does not change.

4 EVALUATION

Evaluation of infovis applications is notoriously tricky [33]. Many
systems are oriented towards browsing or exploring data, so strictly
performance-based evaluations (e.g., task time) are frequently less
relevant than other measures. Additionally, testing is made more
difficult by the fact that data exploration is inherently an open-ended
activity, making it difficult to achieve experimental control without
artificially constraining tasks in an investigational setting.

Despite these complications, our research approach nonetheless
has a strong empirical testing bent. Our studies have the objective of
quantifying and qualifying the effects of ResultMaps on users’
information seeking behavior. In addition to objective metrics like
task time and accuracy, we examine more subjective factors such as
user preference and engagement. Engagement is one aspect of
interface flow [13], which is usually described in terms of absorption
and pleasure while executing a task. Tests of and hypotheses about
such affective measures for visualization and information-seeking
systems are well-represented in the literature (e.g., [6] [23] [41]).

Like most projects, ResultMap development has been iterative in
nature along with their evaluation. Here, we discuss the two studies:
the first was summative in the sense that we wanted to assess
ResultMaps as they existed at the time and formative in the sense
that the results affected the later iteration we tested in Study 2.

4.1 Study 1 (Summative/Formative)

We have supposed that ResultMaps assist with detecting outlying
results and that rendering the entire repository is beneficial because
of consistency. One way in which that benefit might be manifest is
making users more aware of the full scope of the repository, and in
turn giving users a more accurate model of the entire library. This
study examines these questions: are there any performance benefits
for particular types of search results (i.e., outliers, clustered, etc.) and
do ResultMap users get a better understanding of a digital library’s
characteristics vs. a text-only search interface?

ResultMap nodes can be outliers by their color (i.e., document
type) or position (i.e., topic classification). We define a color outlier
as a node with a unique document type (and thus color) within a
SERP. We classify a node % as a position outlier when there are few
other nodes in A’s top-level category and many in others. Con-
versely, £ is in a position cluster when most of the highlighted nodes
are within 4’s own top-level category. A deterministic process
makes this determination and is detailed elsewhere for brevity [8].

411 Design, Equipment and Procedure

We use a single-factor between-subjects design with two levels:
ResultMap (RM) vs. non-ResultMap (control). The control interface
simply removes the RM widget. The dependent measures include
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Fig. 5. The test environment for Studies 1 and 2. The ques-
tion/answer area is in a frame above the search interface below.

task completion time, accuracy, and post-tests of users’ knowledge
of and subjective attitudes about the DL environment. The RM
condition is the search engine interface in use with the HCC EDL,
but was an older version than that described in Section 3, which did
not brush elements in the ResultMap from the result listings and
lacked any animation effects. It also only labeled the top-level
categories. The HCC EDL repository is relatively small, but
represents a useful proof-of-concept dataset. We make several
hypotheses about our treatment effects:

e The RM group will have faster and more accurate task perform-
ance on outlier detection tasks.
The RM group will have higher self-reported satisfaction scores.
The RM group will have higher scores on repository knowledge
assessments.

Subjects used a Windows XP desktop workstation in the GVU
Center usability lab. The workstation was connected to a 1280x1024
pixel LCD monitor and ran a maximized instance of the Mozilla
Firefox web browser. Experimental text appeared in a 150-pixel tall
frame above the search interface (see Fig. 5). Experimental tasks
had users identify a target document from search results based on
criteria specified in the experimental text. To control for search
expertise, we used the same query terms for each task, and showed
those queries (along with a motivating scenario) to users prior to the
task itself. We used search strings from the production HCC EDL
logs as a basis for the query terms/scenarios. For example: The
following question relates to the search results for the query 'hci
references’. You might search for this if you were looking for a
bibliographic listing of HCI works in the repository.

The system then revealed a SERP (10 items per page) from the
HCC EDL and asked subjects to identify a target document
satisfying a set of conditions, such as “[w]hat is the ID number for a
resource containing references to Fitts’ Law research works?” All
target documents were present on the first page of the search results,
although we did not inform subjects of that fact. We presented 13
search result listings—one practice item followed by 12 randomly-
ordered tasks. Of the 12 targets, 5 were color outliers, 3 were
position outliers and 4 were in position clusters. After subjects
finished the tasks, they completed a set of questions testing their
knowledge about characteristics of the repository as a whole and
about their subjective impressions of the system. There was no
advance notice of the repository knowledge questionnaire, so
participants were not primed to search for that information during
their primary tasks (i.e., the experimental tasks served as distractors
for the purposes of this survey). The repository characteristics
included size, number of categories in the classification, frequency of
document types, recognition of top-level categories and relative size
of top-level categories. This kind of knowledge is beneficial because
users who are more aware of the breadth and depth of a repository
can apply that knowledge in later information-seeking tasks.

41.2

We completed Study 1 using 20 participants (10 male) from the
graduate student population at Georgia Tech, ages 22-34. All were
in HCl-related degree programs with at least a year of HCI experi-
ence, which we required because of the nature of the HCC EDL
materials. Most (75%) were familiar with treemaps, but comparisons
between familiar and non-familiar groups (including within the RM
group) were not significant. Participants completed tasks quickly
and accurately: a mean of 34s per task (c=13s) with 90% accuracy.
We performed a series of t-tests and a Mann-Whitney non-
parametric test on accuracy comparing the RM and control groups:

Results

e There were no significant differences in task time or accuracy
between groups. The RM group had marginally higher accuracy
on tasks when the target was an outlier: 93% vs. 80% (p=0.07).

e RM users rated the impact of the interface on task difficulty
more favorably than the control: means of 2.8 vs. 3.9 on 7-point
Likert scale with 1 being easier (t=2.31; df=18; p<0.05).

e RM users scored better on portions of the repository knowledge
post-test’: means of 3.0 vs. 0.2 (t=-3.38; df=18; p<0.01).

We draw mixed conclusions from the data. On one hand, we
found only marginal support for our hypothesis that SERP Re-
sultMaps improve performance on outlier tasks, and there were
fewer survey differences between the groups than we would have
hoped. On the other hand, the significant differences we did find all
favored ResultMaps and outlier performance trended in favor of
ResultMaps. Those differences give some credence to our other two
hypotheses that users subjectively prefer and understand the gist of a
digital library better after using ResultMaps. ResultMaps also
perform no worse than a control in all cases, indicating that designers
can use ResultMap-augmented engines without negative effects.

4.2 Study 2 (Summative)

The complexity of the Study 1 tasks were relatively simple (cf. 34s
mean task time), and as such may have been too straightforward to
warrant ResultMap use. Study 2 uses more complex and open-ended
tasks to generate sequences of queries, following recent infovis
trends such as in insight-based evaluation [30]. We posit that
ResultMap usage can affect users’ query sequences by making
clusters and outliers more apparent; that detection in turn may feed
into future queries. The precise nature of any changes is unclear:
are users more or less likely to abandon a query sequence or to start a
new one? Are there qualitative differences between queries?

Our hypotheses concerning subjective ratings and repository
knowledge had better support than task performance, so we add an
engagement measure previously used in exploratory search studies
[6] and a validated usability survey [27]. We also test ResultMaps
against a larger dataset, adding a second experimental factor.
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We use a split-plot design with interface type (RM vs. control) as the
between-subjects factor and repository size (small vs. large) as the
within-subjects factor. Dependent measures are task time/accuracy,
number of query strings, average query length, query string change
between successive queries, and our surveys of repository knowl-
edge, subjective ratings and engagement. We hypothesize:

e The RM group will have task times no worse than the control.

e The RM group will have higher self-reported satisfaction scores.

e The RM group will have higher scores on an assessment of
repository knowledge.

e The RM group will have higher self-reported engage-
ment/enjoyment scores.

e There will be differences in the query string characteristics
(length, number, etc.) between the two conditions.

® Users identified topic categories present in the library from a list of 6
possibilities, which had 3 valid and 3 invalid choices. We awarded 1 point
for a correct and -1 point for an incorrect decision for a scoring range of
[-6,6] and circling all, none or random choices would result in a score of 0.



Table 1. Categorized statistical analyses for Study 2.

Mixed repeated measures/between-subjects univariate ANOV As
on task completion times and scores/accuracy.

Mixed repeated measures/between-subjects factor ANOV As on
number of query strings per task, mean query string length, and
mean change between successive query strings (as measured by
Levenshtein minimum string distance [38]).

Behavioral
Objective

B2

25 . o

2 .i Two-factor ANOVAs on the repository knowledge indicators.
)

2o

o 9 Mixed repeated measures/between-subjects factor ANOV As on

% ‘5 CSUQ, enjoyment, and engagement aggregate measures.
)

(% —‘; Mixed repeated measures/between-subjects factor ANOV As on
n

satisfaction indicators.

For the small repository condition, we used the HCC EDL; for
the large condition we used a portion of the Intute digital library, a
collection of web resources for education and research. We
extracted the ‘Computing’ portion for use as our large dataset®. The
HCC EDL consisted of 583 items (487 unique) classified into a 90-
node hierarchy. The Intute data had 5,518 items (2,602 unique) in
224 categories, and had over 30 document types. To reduce those to
fewer than a dozen (for a realistic color palette), we combined
similar types into broader labels. The physical equipment was the
same as in Study 1. There were a few differences in the software:

e The ResultMaps were a more advanced implementation
(containing all features described in Section 3).

e ResultMaps in the large condition added a white border to
highlighted nodes to improve perceptibility.

e The SERP had 20 items per page by default, and users could add
or decrease that number using links at the top of the item listing.

We created 6 tasks (one practice, 5 test) for each repository
ranging in specificity from locating a specific item (You are looking
for modeling and design software for use in engineering applica-
tions. What is the name of a company that supplies such software?—
Intute dataset) to open-ended directives (Find an interesting
homework assignment that you would assign if you were an
instructor for an undergraduate HCI survey course. Identify its title
and author—HCC EDL dataset). As with the first study, we used
search strings as a basis for creating the HCC EDL tasks. We did not
have similar data for the Intute library, so we brainstormed to create
ad hoc analogous tasks. The tasks within each repository appeared in
the same order; the order of the repository conditions (small and
large) alternated. As in the first study, the system presented the task
in a browser frame above the search interface. The system prompted
users to finish after 5 minutes and forced them to move on after 7.

Participants completed two sets of tasks, one for each repository
size (the order of which was counterbalanced). Before the first
condition, participants read a short (300 word) description of the
experimental terminology (category, document, etc.) and a summary
of the type of documents within the HCC EDL and Intute reposito-
ries. All participants then watched a 2-minute, narrated screen-
captured video about the repository search engines and their basic
features (relevance ordering, advanced search features, etc). To
control for prior familiarity with treemaps, users in the RM condition
watched another 3-minute video summarizing the ResultMap
features and its interaction with the rest of the SERP.

After the first condition, subjects completed the surveys from
Study 1, the IBM Computer System Usability Questionnaire (CSUQ)
[27], and the task enjoyment/engagement instrument mentioned
above. All surveys used 7-point Likert scale responses. The
repository knowledge questionnaires for each size condition were
identical apart from using appropriate category names for the

4 http://www.intute.ac.uk/sciences/computing/

respective datasets. We did not use the repository knowledge survey
after the second condition (which was otherwise the same) since
repeat deployment could skew users towards learning about the
repository features relevant to the survey. We also used a survey and
informal interview to debrief RM participants about their opinions.
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We completed Study 2 using volunteer students from Georgia Tech
enrolled in introductory undergraduate HCI and psychology courses.
The instructors of the classes offered extra credit to students
participating in research studies. Forty-one participants completed
the experiment. Five subjects yielded spurious data because of
incomplete surveys, tasks, or software errors, resulting in a final
N=36 (15 female), 19 in the RM group and 17 in the control. Three
members of the RM group had prior familiarity with the treemaps.
We graded the task answers on a scale of 0-2 with 0 being com-
pletely wrong and 2 being correct. Two of us scored 4 participants
independently, according to our ordinal grading guidelines;
Spearman’s rho indicated strong agreement at 0.878. We report the
answer grades below on a 0-100% scale, treating 1 as 50% correct.

We performed a series of univariate analyses of variance
(ANOVAs) on our dependent measures, which we categorize in
Table 1 by how the data was collected (behavior records vs.
questionnaires/surveys) and the kind of the data collected (subjective
vs. objective). Because participants only completed one repository
knowledge assessment, we used repository size as a between-
subjects factor for that ANOVA.

Results

Behavioral Objective Measures

Table 2 shows that RM users had a faster mean task time and a
higher accuracy rate than the control group: 12% faster on the small
condition and 8% faster on the large, though the main effect of
interface (RM vs. control) was not statistically significant for either
measure (0.11 < p < 0.38). Repository size had significant main
effect on time (F=27.503; df=1; p<0.01): participants took more time
on the larger repository. There were no other statistically significant
effects on time or accuracy.

Likewise, there were no differences in query characteristics
(number, length or change) other than due to repository (the larger
repository resulted in more, longer, and more varied search queries,
all p<0.05). In fact, we were surprised at exactly how little interface
mattered: within each repository, variation of mean query string
length and mean change between successive strings was 2% or less.

Surveyed Objective Measures

The results for our surveyed objective measures—i.e., our survey
assessing knowledge about characteristics of each repository—were
similar to our behavioral objective measures: RM users generally
provided more accurate assessments of repository characteristics, but
no results were statistically significant (0.06 <p <0.23).

Surveyed Subjective Measures

On our subjective surveys, RM users consistently gave higher scores
than the control group, but only significantly so on the enjoyment.
RM users enjoyed their usage significantly more than the control
group (F=8.24, df=1, p<0.01). On the satisfaction survey (also given
in Study 1), RM users rated their interface design as making the tasks
less difficult and take less time than a standard SERP, but these
results were again not significant (0.09 <p <0.12).

Table 2. Task times (in s) and accuracy by interface and repository.

ResultMap (n=19) Control (n=17)

Small 164s, 6=59s 183s, 6=71s
(587 nodes) 70.5%, 0=14.4% 59.4%, 6=23.8%
Large 198s, 6= 49s 213s, 6= 66s

(5,518 nodes)  72.3%, 6=17.8% 66.5%, 6=24.5%



Table 3. Measures (7-point Likert) of usability (CSUQ), enjoyment
(ENJ) and engagement (ENG) by interface and repository. Effect of
interface on ENJ is significant.

ResultMap (n=19) Control (n=17)

CSUQ: 5.17, 6=0.69 CSUQ: 4.84, 6=0.83

(587 nir;:g ENJ: 5.08, 6=1.10 ENJ: 422, 6=0.97
ENG: 533,06=0.88 |  ENG: 5.00, 5=0.95
Large CSUQ: 4.61,6=094 |  CSUQ: 444, 5=0.79

ENJ: 491, c=1.04
ENG: 5.28, 6=1.09

ENJ: 3.94, 6=0.90

(5,518 nodes) ENG: 5.02, 6=0.77

The results of our debriefing survey and interviews reflected an
overall appreciation for ResultMaps. The utility of the category
grouping and color-coding ResultMap functions were both highly
rated (6.11, 0=1.05 and 5.63, 6=1.26 respectively, 7-point Likert
scale), and had a mean estimation of using ResultMaps on 65% of
the tasks and being helpful 61% of the time.

Free-form comments reflected those statistics and centered on
their general utility (“The search was awesome”; “The visualization
tool was useful”) or the functions we identified (“Visual representa-
tion of materials in the library is useful”; “It is very easy to see how
results are divided into their document types on the map.”).

Suggestions for improvement had several themes: size and
legibility; animation; and more brushing. Size and legibility refer the
general visualization and labels specifically. Our (purposeful)
attention-grabbing brushing animations were divisive: some had an
active dislike and some an active preference for the animations.
Finally, the inability to highlight all items of a document type from
the ResultMap key was a common concern.

4.3  Study Limitations

Beyond the results themselves, we should note some broader
limitations of these studies. The relatively small sizes of the study
datasets limit our ability to make definitive scalability findings.
However, we have subsequently deployed ResultMaps on 16,000+
item datasets, lending some practical weight to our Section 3.3
analysis. More significant is the issue of user training. In Study 1,
users received no significant training, but Study 2 included 3 training
elements: a 300 word written overview, a 2 minute search engine
overview video and a 3-minute ResultMap features video. The
former two are not notable: the written materials pertained to
experimental factors that are not relevant when users generate their
own search goals, and the 2-minute video covered basic search
engine features (relevance ordering, etc.). No users expressed any
indication of unfamiliarity with the content of that video.

The latter 3-minute video is more relevant to study generaliza-
tion, since no such training occurs in general web usage. As a result,
we cannot claim Study 2 applies directly to novice web users.
However, the video content (the existence of the ResultMap,
interactive behavior, etc.) is discoverable in the interface without
great effort. This claim is bolstered by Study 1, in which users
received no RM training at all, but nonetheless used and benefited
from their addition.

Table 4. Marginally significant results from Studies 1 and 2.

Study Measure P-value
1 Outlier Task Accuracy 0.07
2 Task Accuracy 0.11
2 Repository Knowledge (Categories) 0.06
2 Design Impact on Difficulty 0.12
2 Design Impact on Time 0.09

5 CoNCLUSIONS AND FUTURE WORK

Like many previous works, the most common theme from our
statistical results is ‘no significant difference’. However, every

significant result we found favors ResultMaps: positive impact of
interface on self-reported task difficulty, repository understanding
and self-reported enjoyment. Moreover, there were enough near-
significant results (see Table 4) that we suspect our statistical power
was not sufficient to detect ResultMaps’ effect size.

Looking back at our combined list of hypotheses, we find no
definitive evidence in favor of any of them, but some mild support
for the hypotheses that ResultMaps are subjectively preferred (Study
2) and increase knowledge of repository characteristics (Study 1 and
Study 2). The only hypothesis that seems to have strong evidence
against it is that about ResultMaps affecting query formulation. The
extent to which those measures were identical was striking, and to us
a somewhat interesting result.

Especially given our results, the lack of statistical power inherent
to our between-subjects designs was among the most dissatisfying
aspects of our evaluations. However, we are faced with a conun-
drum: it is difficult to separate dataset tasks from the datasets they
operate on, and such tasks cannot be repeated because of practice
effects. Consequently, within-subjects comparisons of interface
alternatives require tasks that are different in their particulars but
somehow matched. But that matching process is vague (with some
recent efforts to change that [24])—most works simply state that
such tasks sets are matched along broad guidelines (e.g., lookup,
complex or exploratory tasks; cf. [6] [41]) but no rigorous methodol-
ogy beyond intuitive comparison. Furthermore, experimental tasks
are difficult to design well in the first place, especially without bias
towards a particular interface—and this process requires two such
sets. We faced this difficulty in our second experiment, in which it
was difficult to generate complex naturalistic tasks that probed
ResultMaps’ emphasis on outlier and cluster detection without
biasing the question toward readily apparent data in the ResultMap.

Insight-based protocols [30] are an alternative to structured tasks,
but seem less-well suited to DL search applications, and suffer even
more from practice effects (since insight accumulates over time).
Nonetheless, insight-based methods show considerable promise, but
as North notes, present considerable resource challenges. Moreover,
the nature of insight itself—relatively rare, unpredictable and
qualitative—makes it difficult to measure in lab studies. But
evaluating insights also benefits from precision and detail about its
circumstances, making it difficult to assess in longitudinal studies:
diary, interviews, or other self-reported methods can be unreliable
and not provide the sufficient details about insight.

On a practical level, we have come to distinguish two aspects of
users’ interest in and motivation towards a dataset: analytic or meta-
interest and direct interest in the data itself. DL users, for example,
are most often interested in the content of the DL documents rather
than their metadata. In contrast, users such as intelligence analysts
may be just as (if not moreso) interested in metadata and its
distribution among intelligence or police reports. Our evaluations
were hampered by the fact that users—even when they did engage
with the library data—had more direct than analytic interest, while
many of the ResultMap benefits are more analytic. One implication
is that future ResultMap evaluations might target DL users with
more analytic interests: library curators, for example.

Going forward, we make several suggestions for work in this
area. With respect to matching dataset tasks, empirical measures of
what constitutes task isomorphism would be helpful, such as:

e Measures of similarity (via one of many metrics [3]) between the
local tree structures around the target documents.

e Measures of similarity between target items (e.g., number of
identical attributes and similarity of relative distribution of dif-
fering attribute values).

For complex tasks that yield specific (or sets of) items, a post hoc
analysis over all results could indicate some indication of congru-
ence. These kinds of measures ignore task semantics, but identifying
high-level data similarities and crafting tasks around them might
prove easier than trial-and-error task creation based only on intuitive
notions of similarity.



With respect to insight capture, lightweight mechanisms of
reporting or recording insight data are critical, especially in
longitudinal studies. The exact nature of such features depend on
circumstances, but simple data annotation tools to mark data views
(which can trigger additional logging features) is one possibility.

We have presented the ResultMap concept, a treemap-based
system for enhancing query-based search engines, and two controlled
lab studies of their use. We found some evidence users subjectively
prefer them and yield comparable performance to a text-only engine.
We discussed our evaluation approach and suggested ways to
improve similar studies based on our experience. Our current work
focuses on applying and evaluating ResultMaps in faceted metadata
contexts, with the hypothesis that ResultMaps allow users to better
preview, diagnose and link relationships between facets, and is more
suited to exploratory and insight-based evaluation.
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