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1 Introduction

“National Digital Archives Program” (NDAP) was launched in 2002 to digitize our national

cultural treasures and heritage so that they can be preserved and utilized in the digital era.

The information system developed for NDAP is not only open to experts and researchers, but

also to everyone who wishes to explore the beauty of our culture. The project was motivated

by the need of a flexible and user-friendly interface for browsing such a large archives system.

We use multi-faceted categorization [2, 6, 3] to support a flexible browsing path that may

vary dynamically depending on the user’s goal, and on the information he has observed and

recalled during the exploration process. Multi-faceted categorization adopts a flat structure

of categories, treating them as equal and independent. This type of flat organization allows

users to conduct multi-dimensional browsing, or ad-hoc browsing, where users can freely move

from any category to any other category as their information needs change along the process of

information seeking. The browsing interface with multi-faceted categorization can thus provide

an environment for dynamic, flexible and spontaneous information seeking.

Although multi-faceted categorization opens up myriad possible browsing paths and confers

great flexibility during browsing, it may offer more freedom than most web users can handle,

given the limited capacity of human information processing [4]. In the first place, users need to

choose which category to start browsing. Then, users need to do the choice every single time

when they want to move to another category. In addition, the users might need to navigate all

categories when choosing which one to browse. All these tasks come along with the benefit of

flexibility inherited in multi-faceted categorization. Therefore, the large degree of freedom in

this kind of browsing interface entails a call for balance between flexibility and limited capacity

of human information processing.

From the user-centered perspective of interface design, a meaningful organization of the flat

structure may facilitate more effective navigation for users performing multi-faceted browsing,

especially when the organization is meaningful to the users. For instance, user-defined relevance

mechanisms could be incorporated into the browsing interface to reflect which categories are
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perceived by users as more important, and which are deemed as less important. By doing so, the

multi-faceted categorization can still remain flat to support multi-dimensional browsing, which

allows space for users to perform navigation in any way they need. At the same time, this

browsing interface can be easier for users to navigate because this organization matches users’

cognitive structure of the information at hand. The purpose of our research was to develop a

user-centered interface of multi-faceted categorization, thereby to strike a balance between the

need for flexibility in browsing and the limits in human information processing capacities.

Scientific literature has clearly documented the profound impacts of context on many aspects

of human information processing. In particular, context has been shown to play an essential

role in relevance evaluation of category attributes [1, 5]. Therefore, a user-centered interface for

multi-faceted browsing system should reflect this contextual relevance of categories. Based on

this idea, we develop a context-sensitive interface for multi-faceted categorization, and design

an experiment to investigate its browsing effectiveness for users. Two browsing interfaces were

constructed for experimental assessment: context-sensitive and context-insensitive interfaces.

The context-sensitive interface, called COAD (Contextually-Ordered Attribute Display),

organizes attributes dynamically according to the context. This browsing interface was similar

to the interface used in Flamenco [6], but embedded contextual organization in the facet display.

For comparison, we used a baseline interface, called ROAD (Randomly-Ordered Attribute

Display), which simply displayed facets in some arbitrarily-determined order. Both interfaces

employed multi-dimensional categorization techniques.

The browsing effectiveness was measured in terms of user perceptions: ease-of-information-

access, confidence in decision making, ease-of-browse, and user satisfaction. Four hypotheses,

regarding the browsing effectiveness of the context-sensitive interface, were proposed:

Hypothesis 1: The average rating for ease-of-access to information for COAD users will be

higher than for ROAD users.

Hypothesis 2: The level of confidence in the quality of decision-making will be higher for

COAD users than for ROAD users.

Hypothesis 3: The average rating for ease-of-browsing will be higher for COAD users than

for ROAD users.

Hypothesis 4: The overall level of satisfaction of COAD users will be higher than that of

ROAD users.

The empirical results of the experiment, as summarized below, suggest that the context-

sensitive arrangement of categories allows users to find information more easily and that users

perceive this interface to be easier to use.

Browse Evaluation for each Context Scenario: Ease-of-information-access

and confidence in the decision-making

The empirical result indicates that evaluations for both context scenario questions—

ease-of-information-access and confidence in decision-making quality—are signifi-

cantly higher for the COAD interface than for the ROAD interface. Student’s t-test
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is performed on the effect of the interface for both of the questions. The result shows

that subjects using the context-sensitive interface (COAD) found it significantly

easier to find the information they needed than those using the context-insensitive

interface (ROAD) (5.37 vs. 5.03; t(37) = 3.28, σ̂ij = .10, p < .001). The results also

demonstrate that subjects using the context-sensitive interface felt more confident

about their car purchase decisions than those using the context-insensitive interface

(5.32 vs. 5.10; t(37) = 2.16, σ̂ij = .11, p < .019). These empirical results strongly

support Hypotheses 1 and 2.

Overall Browse Evaluation: Ease-of-browse and User satisfaction

For the overall browse evaluation, we used the ANOVA procedure to determine

whether or not the interface design had a significant effect on the perceptions of

ease-of-browse and overall user satisfaction. The results show that the interface has

significant effect on ease-of-browse (5.45 for COAD vs. 5.05 for ROAD; F (1, 71) =

9.81, MSe = 0.30, p < .003). Subjects do think that it is easier to browse when

using the context-sensitive interface, COAD. However, the effect of the interface

is not significant in terms of overall satisfaction (5.02 vs. 4.72; F (1, 71) = 1.37,

MSe = 1.17, p < .251). In other words, Hypotheses 1, 2, 3 are supported, but

Hypothesis 4 is not supported by the empirical results.

The empirical results strongly support our hypotheses about the merits of context-sensitive

browsing interfaces. The above results show that COAD, the context-sensitive interface, is

consistently rated as superior to ROAD, the context-insensitive interface, for browsing. Users

find it easier to browse and to locate needed information when using the context-sensitive

interface (COAD) and feel more confident about the quality of their decision making than

when they use the context-insensitive interface (ROAD). The idea of adjusting the attribute

order according to user information needs in different contexts does appear to make browsing

more effective.

For more details of the empirical study, please refer to the following paper. Most of the

results in the paper are done in the first year of the project (intended for a two-year term).

• Contextual Multi-Dimensional Browsing. Ling-ling Wu, Ya-lan Chuang, and Yuh-jzer

Joung. Submitted to Computers in Human Behavior. (in 2nd round review)

In the above empirical results, we notice that Hypothesis 4 is not supported. This may

be attributed to the slow response time of the system, which ranges from 6 to 10 seconds for

each click. Note that the slow response time is not uncommon in the browsing interface of a

multi-faceted categorization system. For example, the response time of the Flamenco inter-

face (Hearst, 2006, http://flamenco.berkeley.edu/demos.html) we have measured also ranges

between 5-10 seconds. (Their system does show the response time to generate the results.)

The slow response time can be attributed to the fact that in each browsing step, the database

engine needs to calculate, in addition to the number of items that have matched the current

selection, the number of items that may match a particular attribute, should this attribute be
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Figure 1: The Flamenco interface.

selected next. For example, in the Flamenco interface shown in Fig. 1, the number in each

attribute in the left panel indicates the number of matching objects if this attribute is selected.

Calculating this number is important as it allows us to remove unnecessary features that may

lead to nowhere, as well as providing the user the status of the database in the browsing path.

Unfortunately, this is also the most time-consuming step in the process, especially when the

number of attributes is large. (For a straightforward implementation, the time complexity in

updating the attribute information is in proportion to the number of attributes times the size

of the database.) Thus some optimization must be incorporated to the interface design in the

future for the system to scale.

The second year of the project, therefore, is to focus on the design and implementation of

a mechanism to speed up the query processing. For this, we propose a hyper-based indexing

scheme called HyperFacet as middleware to bridge the internal data layout of the information

system and the external user browse interface. The overall system is shown in Fig. 2, where the

component HyperFacet is added in between the database and the original system to provide

an index scheme to speed up calculating the numbers of matched items in each facet.

To explain the idea behind the HyperFacet middleware, let us take a look at the system

interface shown in Fig. 3. The content we used in this research is automobiles, where more

than 8,030 cars, each with 63 attributes, have been collected in our database. Among the 63
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Figure 2: HyperFacet system overview. For comparison, the original system without the

speedup middleware is shown on the top.

attributes, 44 were chosen to be our facets (e.g., brand, price, seat capacity, sunroof (Yes/No),

horsepower, engine types, cargo volumes, and etc). The facet part shows the facets and its

terms. The terms chosen by the user will be shown on the constraint part, and can be

unselected by pressing the “X” button after it. The Result part shows the items that satisfy

the current constraint, along with their total count.

A facet is an aspect of the content (e.g., make, year, or engine). Within each facet, items

can be further classified into several disjoint subcategories according to different terms specified

by the system designers (e.g., BMW, 2006, or 2000 2500 c.c.). Terms can also be viewed as

constraints or attributes that a user can further select to narrow down his search. In our web

page, each term is followed by a number, called MI (number of matching items), that tells you

the new number of matching items if you add this constraint to the search. Terms that have

zero value in this number means that no item in the constraint contains this attribute. To make

the interface user-friendly, we give these unavailable terms a gray color and make them not

selectable. Therefore, the main task of the HyperFacet is to speed up counting the number of

matching items for a given constraint.

A straightforward way of implementing it is to use SQL: “ select field id, count(field id),

from table name, where constraints group by field id” for every facet. Such command will

make the system traverse all the records in the database, determine which group each record

should fall into, and count the sum of every group in the end. Hence, a system with 10,000

items in the database and 20 facets on the interface would have to do search within 10,000

records for 20 times! As a result, the system takes much longer time to return the results than

traditional browsing systems, and the time is proportional to the number of dimensions and

the scale of the database. So calculating the number of matching items is the bottleneck of

multi-faceted browsing.

Our approach is to convert the important information of an item into a bit array according to
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its attributes. Every bit represents a unique attribute. If the item contains a certain attribute,

the corresponding bit in the bit array should have ‘1’ for its value. Therefore, two items with

identical bit arrays if and only if they have exactly the same attributes. If we further transfer a

user’s constraints into the form of a bit array, it would be very simple to see if an item satisfies

a constraint.

In order to do this, we need to first convert our data in the content table to bit arrays,

which we called attribute id. After that, we must find a way to manage and compare them

with the bit array transferred from a user’s constraint. A straightforward way is to store all

the bit arrays into a vector, and check them one by one when calculating the MI numbers.

This, however, is time-consuming, as the length of the vectors depends on the total number

of possible attributes. Instead, a hashing technique is called to improve the performance. We

give each item in the content table a hash id, which can be viewed as a condensed version of

attribute id. The length of the hash id is called the dimension of this system. This number will

highly affect the performance of the system. We start the hash id with all ‘0’ bits in the array.

For every attribute the item contains, we hash it to an integer h, where 0 ≤ h ≤ dimension−1.

Then we turn the hth bit of the hash id to ‘1’. In such way, items containing a certain attribute

Ai will all have ‘1’ in the ith bit of their hash ids, where i = hash(Ai). In another word, items

with hash ids that do not have ‘1’ in their ith bit absolutely will not contain attribute Ai.

Hence, we can filter items by doing a binary operation to their hash ids in advance. We

group items that have the same hash ids together in a node. When calculating MI numbers,

the system first checks the hash ids of the nodes. If the hash id does not satisfy the hash id

transferred from the constraints, all items in that node need not be traversed. This process

is illustrated in Fig. 4. The user’s constraints are hashed to a hash id first. Then the system

compares it with the hash ids of each node. Node 1 does not satisfy the hash of the constraint

and therefore is skipped.

Since hash ids usually have much fewer bits than attribute ids do, and the number of nodes

is also fewer than the number of items, the filtering process reduces query time substantially

with only little cost. This idea of managing attribute ids with nodes also gives the system a

better control over them. We can find an item faster and also do advanced queries such as “find
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similar items”. The system is able to count the number of different bits between the target and

other attribute ids. By retrieving the ones with differences under a certain threshold, it can

complete the task of finding similar items, which could be very complicated when using SQL.

As a result, by loading the small sized information into the memory (hash ids, attribute ids,

and the items’ unique ids from the content table), our middleware will be able to query and

calculate quickly with simple binary operations. If further queries are needed, the middleware

could still query the database using the unique ids produced from earlier search. Overall, on

an average, the HyperFacet middleware can reduce the response time in our database from 5

seconds to within 1.5 seconds!

For more detailed implementation of the HyperFacet middleware and the experimental

results, please refer to the following thesis.

• HyperFacet: An Accelerating Middleware for Multi-faceted Browsing Interface. Yu-

Hsiang Chen. Master Thesis. Dept. of Information Management, National Taiwan Uni-

versity. Sep. 2006.

We are working on a conference and journal version of the results.
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