
We report quantitative and qualitative results of an
empirical evaluation to determine whether automated
assistance improves searching performance and when
searchers desire system intervention in the search
process. Forty participants interacted with two fully
functional information retrieval systems in a counterbal-
anced, within-participant study. The systems were identi-
cal in all respects except that one offered automated as-
sistance and the other did not. The study used a
client-side automated assistance application, an approx-
imately 500,000-document Text REtrieval Conference
content collection, and six topics. Results indicate that
automated assistance can improve searching perfor-
mance. However, the improvement is less dramatic
than one might expect, with an approximately 20% per-
formance increase, as measured by the number of user-
selected relevant documents. Concerning patterns of
interaction, we identified 1,879 occurrences of searcher–
system interactions and classified them into 9 major
categories and 27 subcategories or states. Results
indicate that there are predictable patterns of times
when searchers desire and implement searching assis-
tance. The most common three-state pattern is Execute
Query–View Results: With Scrolling–View Assistance.
Searchers appear receptive to automated assistance;
there is a 71% implementation rate. There does not seem
to be a correlation between the use of assistance and
previous searching performance. We discuss the impli-
cations for the design of information retrieval systems
and future research directions.

Introduction

There has been much research into developing informa-
tion retrieval (IR) systems with automated searching assis-
tance in order to address some of the issues users have when
searching. Automated assistance systems attempt to aid the
user during the search process by either executing search
tactics or offering assistance to the user to improve the
probability of locating relevant information. These systems
rely many times on implicit feedback. The need for automated

assistance is especially acute with Web searching systems,
as research shows that users of Web search engines have dif-
ficulty successfully implementing query syntax (Jansen,
Spink, & Saracevic, 1998), and the performance of major
Web search engines in retrieving relevant documents is
approximately 60% (Eastman & Jansen, 2003).

However, there is limited empirical evaluation of the use
of automated assistance within the search process. Is auto-
mated assistance helpful? If so, what type(s) of assistance?
Is automated assistance helpful for certain types of searches?
When do searchers desire the system to intervene in the
search process with offers of assistance? When do searchers
implement searching assistance? What type of assistance do
searchers prefer? The research results presented in this arti-
cle address a portion of these issues. We evaluate the perfor-
mance of an automated assistance system and examine the
effectiveness of and the patterns of searchers interacting
with automated searching assistance. The motivation for this
research is to develop systems that provide the proper type
of assistance and offer it during the search process when it is
most beneficial to the user. Central to this goal is an under-
standing of the sequence of interactions between the
searcher and automated assistance system.

We begin with a review of literature concerning IR sys-
tems that offer automated assistance, the use of implicit
feedback in IR systems, and previous studies of user search-
ing patterns. We then provide a description of the automated
assistance application we developed and utilized in the user
study. Next, we discuss the empirical study we conducted to
evaluate the effectiveness of automated assistance in search-
ing performance and to investigate the patterns of interaction
with automated assistance. We analyze the results of our
experiment, examine how searchers interact with the
system, and present the implications for IR system design.
We then discuss directions for future research.

Literature Review

This research requires examining previous work in auto-
mated assistance systems, implicit feedback, and investiga-
tions of searching patterns.
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Automated Assistance Systems

IR systems that offer automated assistance usually
attempt to assist the user during the search process by either
executing search tactics for or offering assistance to the user
in order to locate relevant information. Automated assis-
tance is any expression, action, or response by an IR system
with the aim of improving the information searching
experience for the user as measured by external metrics
(Jansen, 2005). These external metrics are usually
relevance-based metrics, such as precision.

Researchers (Callan & Smeaton, 2003; Meadow,
Hewett, & Aversa, 1982a; Mizzaro, 1996; Ruthven, Laimas,
& Rijsbergen, 2001) refer to systems designed to assist the
user in overcoming searching issues or better utilizing
advanced searching methods by a variety of names, including
intelligent IR systems, explanation systems, intelligent IR
interfaces, agent-based IR systems, contextual help systems,
recommender systems, and relevance feedback systems. We
collectively refer to all of these as automated assistance
systems.

In two of the earliest accounts, Meadow, Hewett, and
Aversa (1982a, 1982b) present a system that provides
searching instructions and diagnostic searching assistance.
Croft and Thompson (1986) discuss an IR system in which
the user supplies a natural language query or relevant
document as a seed, from which the system then develops a
user model. In what appears to be the first published use of
the phrase automated assistance in the IR literature,
Oakes and Taylor (1998) discuss a searching system for
pharmacology that offers query formulation options. Chen
and Dhar (1991) present a system for key word selection and
thesaurus browsing.

Brajnik, Guida, and Tasso (1987) implement an adaptive
IR interface that uses natural language queries. Meadow
(1988) developed OAKDEC, which is a front end to a data-
base management system that provides suggestions to
searchers on a searching tactic they can employ. Gauch and
Smith (1993) also developed an expert system interface.
Experimenting with information filtering, Herlocker,
Konstan, and Riedl (2000) examine methods to design
intelligent systems, specifically the optimal degree of trans-
parency for systems offering automated assistance.

Examining Web systems, Middleton, Roure, and Shad-
bolt (2001) investigate the issue of capturing user informa-
tion preferences in the hypermedia environment. Several
researchers (Lieberman, 1995; Kahle, 1999) have explored
various implicit feedback systems for the Web, including
Letizia, to aid in the browsing process. CiteSeer is a Web
system that recommends computer science articles on the
basis of user profiles and document similarities (Lawrence,
Giles, & Bollacker, 1999).

In the commercial area, Google (http://www.google.com)
offers spelling assistance with a Did you mean function
based on terms within the user’s query. AltaVista
(http://www.altavista.com) offers spelling assistance, also
with a Did you mean function, and term relevance feedback

with its Prisma feature, which is based on queries submitted
by other users. There are also commercial client-side appli-
cations in the searching assistance area, such as Copernic
(2003) and Bullseye (2000).

Implicit Feedback

Many of these automated assistance systems (e.g.,
Kamba, Bharat, & Albers, 1993; Lawrence, 2003; Middleton
et al., 2001) utilize implicit feedback to generate the
automated assistance. Researchers have explored explicit
feedback mechanisms for automated systems; however,
explicit measures suffer from increase cognitive load and
from low participation rates. For example, Jansen, Spink, and
Saracevic (2000) report a 5% implementation rate of
relevance feedback on the Excite search engine. Lawrence
(2003) reports a 0.17% explicit feedback rate for the
CiteSeer system. Because of these factors, much research
concerning automated assistance focuses on using implicit
feedback to glean information from users.

Researchers have explored various implicit feedback
measures to support information searching. Morita and
Shinoda (1994) use reading time as an indication of user-
perceived relevance. Seo and Zhang (2000) use browsing
patterns as indications for relevant terms. Kelly and Belkin
(2001) investigate the use of reading time and scrolling as
indications of relevance. Claypool, Le, Waseda, and Brown
(2001) identify several implicit measures that correlate
explicit searcher interest, including time of page viewing,
with combined scrolling time and mouse movement. Fox
(2003) has found that dwell time, position, scroll count, and
exit type are predictive actions of relevance judgments for
individual Web pages and that dwell time, number of results
listings, and exit type are more predictive of overall session
satisfaction. Fox (2003) states that printing and bookmarking
were highly indicative of Web document satisfaction. Fox
(2003) also mentions that dwell time was highly individually
dependent. Kelly and Belkin (2004) report that there was no
correlation between display time and document usefulness
and that display times were also highly dependent on both
task and user.

System designers have incorporated various implicit
feedback measures into working or prototype systems.
Kamba, Bharat, and Albers (1993) leverage user actions
such as reading time and window resize to personalize an
online newspaper. Göker (1999) utilizes user context to help
determine information need within a session. Beg and
Ravikumar (2002) used implicit feedback to evaluate search
services. Joachims (2002) uses click-through analysis as im-
plicit user judgments to evaluate the ranking performance of
a search engine. Lawrence (2003) uses implicit feedback as
a measure of interest in selected computer science docu-
ments and notes that implicit feedback was more useful rel-
ative to explicit feedback because of increased participation.

Oard and Kim (2001) classify types of implicit and
explicit feedback along two axes, Behavior Category and
Minimum Scope. The Behavior Category (examine, retain,
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reference, and annotate) refers to the underlying purpose of
the observed behavior. Minimum Scope (segment, object,
and class) refers to the smallest possible scope of content to
which the observed behavior could apply. Kelly and Teevan
(2003) provide a modification of Oard and Kim’s classifica-
tion, adding the classification of create to the Behavior Cat-
egory. Both Oard and Kim’s (2001) and Kelly and Teevan’s
(2003) classifications include explicit actions, specifically
behavior categories related to create and annotate of con-
tent. Additionally, the scope of implicit feedback presented
by (Kelly & Teevan, 2003; Oard & Kim, 2001) seems
primarily focused on content.

We present in Table 1 implicit feedback actions related
directly to information seeking within a hypermedia envi-
ronment and implicit feedback on both Web information
searching systems and content. In contrast with prior work
(Kelly & Teevan, 2003; Oard & Kim, 2001) and building
from previous work (Jansen, 2005; Jansen & Pooch, 2004),
we narrow the Behavior Category to implicit feedback only
and provide more specificity. We broaden the Minimum
Scope beyond content to include System.

In Table 1, we include two additional Behavior Cate-
gories (execute and navigate). In addition to content, we
include System with a Minimum Scope of Interface. We add
the actions of open, close, and resize (e.g., actions on a
browser), the action of click (e.g., click on a universal
resource locator [URL] in a results list), the actions of create
and name (e.g., create a Favorites folder or name a Favorite),
and the actions of goto, previous, and next (e.g., actions deal-
ing with results lists). Because our work focuses exclusively
on information searching, we have not included any infor-
mation creation categories. Thus, the action of create applies
to the System rather than the creation of content, as in Kelly
and Teevan (2003) and Oard and Kim (2001). In this

modified approach, there are additional implicit feedback
actions beyond those dealing with content (i.e., implicit
feedback concerning interactions with the system); the focus
is specifically on searching for information rather than on
creating and posting information, and there are more
implicit feedback actions included.

In addition to identifying specific implicit feedback,
some researchers have further examined how searchers
enact these and other interactions (Chen & Cooper, 2001;
Jansen, 2005; Qiu, 1993) within an information searching
session.

Patterns of Interaction

Several researchers have examined the relationships
among various interactions in the information searching
process. Generally, these researchers (Penniman, 1975; Qiu,
1993) have identified user actions on the system, then classi-
fied and organized these actions into states. They then build a
state map or matrix of possible moves. Each pattern is a
sequence of state changes. There is an implicit assumption
that a move to a certain state is dependent on one or more of
the previous states. Using this assumption, one can model the
search session as a Markovian process, comparing patterns of
various lengths to test the significance (i.e., to determine what
length of pattern really predicts arrival at a certain state). A
zero-order Markov process refers to the probability of being
at a single state. A first-order Markov process refers to the
probability of arriving at a certain state given a certain pre-
ceding state. A second-order Markov process refers to the
addition of another previous state and transition to the pattern.

Penniman (1975) used this process to examine user
search and system response patterns in a bibliographic data-
base system. Chapman (1981) used the method to compare
groups of searchers on the basis of group characteristics.
Penniman (1982) compared findings from various studies
that used this approach. Borgman (1983) used transition ma-
trices for comparing training treatments. Tolle (1984) used
the method to describe the use of various online catalogs.
Tolle and Hah (1985) used the technique to compare use of
National Library of Medicine databases. Harris (1986) also
examined searching patterns using this approach. Marchionini
(1989) used state maps to investigate the searching behavior
of children who were using an electronic encyclopedia.
Wildemuth, de Bliek, He, and Friedman (1992) investigated
the relationship between searching behaviors and problem
solving success.

Qiu (1993) specifically investigated searching patterns in
a hypermedia environment. Qui utilized 61 subjects working
in a hypertext application searching 307 hypertext passages.
The researcher reported that a second-order Markov process
best modeled the online searching patterns; therefore, the
probability of arriving at a certain state depends only on the
preceding two states. Qui found the second-order Markov
model held for a variety of control variables, including
gender, search experience, search task, and academic
background.

TABLE 1. Classification of implicit feedback on system and content:
Behavior Category.

Minimal scope

System Content

Interface Segment Object Class

Execute Query Click Select
Open Scroll
Close
Resize

Examine View Open Browse
Find

Navigate Back GoTo
Forward Previous

Next
Retain Create Print Bookmark

Name Save
Purchase
E-mail

Reference Copy—Paste
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Chen and Cooper (2002) also conducted state transition
analysis, defining a state as a certain address of the viewed
page, after clustering users into groups based on patterns of
states (as reported in H.-M. Chen & Cooper, 2001). The
researchers defined 47 variables and used them to classify
257,000 sessions of an online library system. They then
collapsed these 47 variables into higher-order groupings,
identifying six distinct clusters of users (Chen & Cooper,
2001). Chen and Cooper (2002) used 126,925 sessions from
the same online system, modeling patterns by using Markov
models. The researchers found that a third-order Markov
model explained five of the six clusters. In clustering
searchers, the researcher reduced their original 47 variables
to 16 (Chen & Cooper, 2001); that reduction may have
caused the deviation with Qui’s (1993) findings.
Regardless, the results of this line of research (Chen &
Cooper, 2001, 2002; Qiu, 1993) illustrate that short search
patterns are effective predictors of current search state.
Marchionini (1989) arrived at a similar conclusion.
See (Ross, 1996) for a general discussion of Markov
modeling.

Synthesis of Previous Research

From a review of the literature, it is evident that there has
been much work in developing IR systems that offer some
type of automated assistance. Much of this automated assis-
tance development relies on implicit feedback from
searchers, thereby providing greater participation in the
feedback process relative to explicit feedback. However,
there have been few user studies of these systems done in
order to understand how searchers utilize them during the
searching process, when they use them, and whether these
systems actually aid searching.

In studies on nonautomated assistance systems, Hargittai
(2002) has examined Web searchers interacting with Web
searching and has noted great variability in searching perfor-
mance. Rieh (2003) has investigated searching in the home
and has reported that searcher persistence with some tasks is
notably lower than with others. Wildemuth (2004) has in-
vestigated the relationship of a searcher’s knowledge of the
task domain to selection of searching strategy. It is critical to
understand when and how searchers utilize automated assis-
tance systems during the searching process, if automated
assistance systems are to realize their full value in improving
searching performance for the user.

We conducted a user study utilizing an automated assis-
tance application that we developed in order to address this
issue. This research expands a stream of investigation
reported in Jansen (2005), in which we investigated the
search patterns of participants interacting with a Web search
engine in a short Web session. In our research, we are inter-
ested in improving the search experience for the user by
developing automated assistance systems that provide the
proper type of assistance and offer that assistance during the
search process when it is most beneficial to the user. Our
rational is that the user will be more open to assistance from

the system and may then engage some of the advanced
searching features offered by current IR systems.

Research Questions

We investigated two major research questions: (1) Does
automated searching assistance improve the search process?
and (2) How do searchers interact with automated assistance
during the search process?

Automated Assistance and Performance

For our first research question, we are interested in deter-
mining whether automated assistance improves system
performance from various perspectives. The following are
our three research hypotheses:

Hypothesis 01a. There is a significant increase in search-
ing performance when using a system that offers automated
assistance compared to using a system without automated
assistance during the search process, as measured by the
number of relevant documents that the user selects.

For hypothesis 01a, we measure the number of relevant
documents that the user selects in a session from those that
the system retrieves. A session is one episode of a searcher’s
using an IR system, during which a series of interactions
between the searcher and system occur. We evaluated a doc-
ument as relevant by using implicit feedback from the user
and qualitative data that indicate relevance. For example,
during the experiment, a user may bookmark a document and
verbally indicate that the document is relevant to the task.

Hypothesis 01b. There is a significant precision improve-
ment in using a system offering automated assistance com-
pared to using a system without automated assistance during
the search process, as measured by the number of relevant
Text REtrieval Conference (TREC) documents that the user
retrieves in a single query.

For hypothesis 01b, we calculate precision at the query
level by measuring the number of relevant documents within
the top 50 documents retrieved by using the relevance judg-
ments from the TREC data collections. For this hypothesis,
we utilize the most successful query in the session by the
user on each system. We define the most successful query
per user as the one that retrieves the most relevant TREC
documents. In a case of a tie, we select the query that
retrieved the least nonrelevant documents. For example, say
two queries by a user retrieved 30 relevant documents, but
one query retrieved 20 nonrelevant documents and the other
query retrieved 18 nonrelevant documents. By our defini-
tion, the more successful query is the one that retrieved 30
relevant and 18 nonrelevant documents.

Hypothesis 01c. There is a significant precision improve-
ment in using a system offering automated assistance com-
pared to using a system without automated assistance during
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the search process, as measured by the number of relevant
TREC documents that the user retrieves per session.

For hypothesis 01c, we calculate precision by measuring
the number of relevant documents within the top 50 docu-
ments retrieved during each session by using the relevance
judgments from the TREC data collections. For this hypoth-
esis, we use only unique documents retrieved by a user over
all queries in the session. Using unique documents, we
counted a relevant document only once during the session,
regardless of the number of times it appeared in the results
listings of the various queries during the session.

Patterns of Interaction With Automated Assistance Systems

In our second research question, we investigate how
searchers interact with automated assistance during the
search process. We investigate searcher–system interaction
during the searching process from three angles:

How often do users seek and implement automated assis-
tance in the search process? We examine which implicit
feedback techniques searchers use, including patterns and
combinations of feedback employed by individual searchers.

Where in the search process do users seek automated
assistance? We examine when and how often searchers seek
automated assistance.

Where in the search process do users implement auto-
mated assistance? We examine when and how often
searchers utilize automated assistance and which assistance
techniques they employ. We also examine why some
searchers did not use automated assistance.

We next provide a short description of the implicit feed-
back and automated assistance techniques we employed,
along with the component we developed.

Data Collection and Analysis

We conducted a user study of 40 searchers (participants)
who were interacting with an IR system offering automated
searching assistance, the setup of which we explain in detail
in the User Study section. We recorded user interactions with
the system in a transaction log (TL). We also videotaped the
participants during the searching process, instructing the
participants to think aloud during the session. In the think-
ing-aloud protocol (Dumas & Redish, 1993), subject verbal-
ization occurs in conjunction with a task. We used searcher
utterances to help clarify user–system interactions recorded
in the TL. We also took extensive lab notes on subject
actions, notable utterances, and other searching behaviors.
The combination of the protocol analysis, TL data, and lab
notes provided a robust data source to conduct our analysis.

For the performance evaluation, we tracked which docu-
ments the searcher deemed relevant during the searching
session for each topic and on both sessions. For each query,
we recorded the result listing, which contained the metadata
information for each document retrieved. For each user on
each system, we also aggregated the result listings for the
entire session, removing all duplicate documents. This

process provided a listing of the unique documents retrieved
by a particular user on a particular system. We could then
compare performance of the system without automated
assistance and the system with automated assistance at three
levels of analysis. We examined performance by using those
documents that the searcher deemed relevant, the number
of TREC relevant documents at the query level, and the
number of TREC relevant documents at the session level.

There was a separate data analysis procedure for identify-
ing patterns of interaction. Once we had completed the data
collection, we reviewed the TL, videotapes, and lab notes,
manually coding the user–system interactions for each
subject. This coding schema permitted us to address research
question 2a (How often do users seek and implement
automated assistance in the search process?). Appendix A
contains a complete listing of our interaction codes. Hargit-
tai (2004) has also published a set of codes for identifying
user interactions with Web IR systems.

Once we had coded all interactions, we sequentially or-
dered these interactions (i.e., states) for each searcher. Table 2
illustrates an example of the transition analysis we conducted.

Column 1 of Table 2 is the entire code sequence of one
user’s actions during the session (see table notes). The other
columns along the rows contain the set of all subpatterns
derived from that sequence at the single transition and two
transition levels of analysis.

In Table 2, the user sequence F41ERFRDR1D is com-
posed of 11 individual states. In order to address research
question 2b (Where in the search process do users seek auto-
mated assistance?) and research question 2c (Where in the
search process do users implement automated assistance?),
we examined the transitions between interaction categories
by using exploratory sequential data analysis (Sanderson &
Fisher, 1994). We examined these first at the single transition
(i.e., users moving from one state to another state) and then
at multiple transitions (i.e., users moving from one state to a
second state to a third state, etc.).

As an example, the user sequence F41ERFRDR1D is
composed of a set of 10 single transition patterns (F4, 41,
1E, ER, etc.) and a set of 9 two transition patterns (F41, 41E,
1ER, ERF, etc.). We conducted this analysis for all users.
From the aggregate collection of all user sequences, we
could then calculate the probability of transitions from and

TABLE 2. Searcher interaction pattern with analysis of single- and two-
transition patterns.

Complete pattern
Subpatterns

of user interactions 1 2 3 4 5 6 7 8 9 10

F41ERFRDR1D
Single-transition F4 41 1E ER RF FR RD DR R1 1D
Two-transition F41 41 1E ER RF FR RD DR R1

E R F R D R 1 D

Note. F � Execute Query; 4 � View Results: Without Scrolling;
1 � Click Results URL; E � View Document Without Scrolling;
R � Navigation; Back; D � View Document: With Scrolling.
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to each state, from which we could then form transition
matrices. We utilized an automated script to identify the
transition patterns within each sequence.

In addition to the one- and two-transition patterns, we
identified the three-transition patterns; however, the most
common pattern occurred less than 1.8% of time. The most
common View Assistance pattern occurred less than 0.4%
of the time and the most common Implement Assistance
occurred approximately 0.2% of the time of all patterns.
Given these low levels of occurrences, we did not examine
these or lengthier transition patterns further. Previous
research has also noted little gain from lengthy patterns
(Marchionini, 1989). Qiu (1993) reports that second-order
Markov models (i.e., the probability of arrival at a particular
state is based on the preceding two states) are valid for most
search sessions in a hypertext environment.

In the next section, we provide a brief description of the
automated assistance application that we used in our study.

Automated Assistance Application

We developed a client-side software application that inte-
grates a suite of automated assistance features with an exist-
ing Web-based IR system. Our application provides the
assistance by relying on implicit feedback, using the normal
user–system interactions during the search process. We
present an overview of the system. A complete description of
an earlier version of the application is presented in Jansen
and Pooch (2004). In the current version, we have ported the
application to the Windows environment, utilized the Mi-
crosoft dictionary and thesaurus, and improved the
automated assistance implementations.

System Design

The application uses implicit feedback to build a model
of user–system interactions using action–object pairs
(Jansen, 2003). An action–object (a, o) pair represents an in-
stance of a user–system interaction, in which a is an action
taken by a searcher and o is the object that receives that ac-
tion. A series of (a, o) pairs models a searcher’s chain of in-
teractions during the session. Using this series, the system
can make determinations of the user’s information need and
provide appropriate assistance by associating certain actions
with specific types of assistance. A complete description of
the (a, o) pair technique is presented in Jansen (2003).

Table 3 displays the primary (a, o) relationships currently
implemented in the application. See Figure 1 for a model of
the application.

Previous research has identified the actions of bookmark,
copy–paste, print, save as implicit indications of possible
document relevance (Oard & Kim, 2001). There are currently
three objects relevant to these actions that the system recog-
nizes, document, segment (i.e., passage from document), and
query. Bookmark, print, and save actions are associated with
document objects. The copy–paste action relates to segments.
Execute is associated with the query object.

When the system detects a valid action, it records the (a,
o) pair. For example, if a searcher were viewing document
and bookmarked it, the system would record it as (bookmark
document). The system then generates contextual searching
assistance to the user, based on the particular action and the
system’s analysis of the object. With (bookmark document),
the system could offer the searcher relevant feedback terms
from document.

The system currently monitors other implicit feedback
actions, including send to, view, scroll, next, goto, and previ-
ous; however, the application currently draws no conclu-
sions concerning the type of assistance to provide from these
actions, as research concerning how to interpret these
implicit feedback actions in a Web environment is ongoing.
For example, scroll time is an indication of relevance for a
particular user; however, Fox (2003) has shown that scroll
time is also highly dependent on the individual searcher and
information domain, requiring normalizing of scrolling time
that may not be feasible in a client–server environment such
as the Web. Certainly, however, drawing inferences about
these actions is an area for future research.

System Development

The system observes the user–IR system interface for one
of the five implicit feedback actions and associated object,
via a browser wrapper. The system then offers appropriate
search assistance to the user on the basis of the particular
action and the system’s analysis of the object.

Automated assistance offered. The automated assistance
application focuses on five user–system interaction issues

TABLE 3. (a, o) Relationships.

Object

Action Document Segment Query

Bookmark x
Copy—Paste x
Print x
Save x
Execute x

Query Terms

Relevance Feedback

Reformulation

Refinement

A
ss

is
ta

nc
e

Assistance Modules

Tracking

Browser Interface

(a, o) pairs

Assistance

Similar Queries

FIG. 1. Automated assistance modules and information flow with interface.
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and corresponding system assistance, which are listed in the
following:

• Query reformulation: In order to assist searchers who have
trouble managing the number of results (Gauch & Smith,
1993), the application uses the (execute query) pair and the
number of results, providing suggestions to improve the
query in order either to increase or to decrease the number of
results. In our current implementation, if the number of
results is more than 30, the application provides suggestions
to restrict the query. If the number of results is less than 10,
the system provides advice on ways to broaden the
query. We chose 30 and 10 results as the boundary condi-
tions on the basis of research studies that indicated that
approximately 80% of Web searchers never view more than
20 results (Jansen et al., 2000). However, one can adjust the
result thresholds within the application to any targeted user
population. The query operators AND and PHRASE are
used to tighten the query. The query operator OR is used to
broaden the query.

• Query refinement: Many searchers do not refine their query
(Spink, Wolfram, Jansen, & Saracevic, 2001), even if there
may be other terms directly related to their information need
(Bruza, McArthur, & Dennis, 2000). Using a (submit query)
pair and a thesaurus, the system analyzes each query term
and suggests synonyms of the query terms. The system uses
the Microsoft Office thesaurus, but the application can
utilize any online thesaurus via an application program
interface (API).

• Relevance feedback: Previous research (Harman, 1992) has
shown relevance feedback to be an effective search tool.
However, Web searchers seldom utilize it when it is offered.
In two studies on the use of relevance feedback on the Web
(Jansen et al., 2000; Spink et al., 2001), Web searchers
utilized relevance feedback less than 10% of the time. When
the (a, o) pairs of (bookmark document), (print document),
(save document), or (copy passage) occur, the system imple-
ments a version of relevance feedback using terms from the
document or passage object. Term relevance is an effect
relevance feedback approach (Mitra, Singhal, & Buckley,
1998). The system provides suggested terms from the docu-
ment’s summary that the user may want to implement in a
follow-on query.

• Similar queries: Some IR systems, such as AltaVista
(Anick, 2003), offer query reformulation based on similar
queries from previous users. We incorporated this feature
in our automated assistance system. With a (submit query)
pair, the system accesses a database of all previous
queries and locates queries within the database that con-
tain similar terms. The system displays the top three
similar queries, which are based on the number of previous
submissions.

• Spelling: Misspelling of query terms is a common error in
searching (Jansen et al., 2000; Yee, 1991) and usually
reduces the number of results retrieved. A (submit query)
pair causes the automated assistance application to check the
query terms for spelling errors. The system separates the
query into terms, checking each term by using an online
dictionary. The system’s online dictionary is Microsoft
Office Dictionary; however, it can access any online dictio-
nary via the appropriate API.

System overview. The automated assistance system has
seven major modules, which are now discussed:

The Reformulation module utilizes a (submit query) pair
for increasing the variety of query terms during a session.
With a (submit query) pair, the module parses each query
into separate terms, removing query operators. The Refor-
mulation module accesses the Microsoft Office thesaurus,
sending each term to the thesaurus API. It then lists each
query term along with the series of synonyms from the
thesaurus for each term.

The Query Term module uses the (submit query) pairs
during a session. With each (submit query) pair, the module
parses each query into separate terms, removing query
operators such as the MUST APPEAR, MUST NOT
APPEAR, and PHRASE operators. The module then
accesses the Microsoft Office dictionary, sending each term
to the process. If there are possible misspellings, the module
records the suggested spelling corrections.

The Relevance Feedback module uses (bookmark docu-
ment), (print document), (save document), or (copy passage)
pairs. When one of these pairs occurs, the module removes
all stop words from the object by using a standard stop word
list (Fox, 1990) and all terms from previous queries within
this session. The system then selects terms remaining from
the document, the results listing abstract, or the passage of
copied text, depending on the object within the (a, o) pair.

The Similar Query module uses the (submit query) pair to
provide suggested queries based on previously submitted
queries of users. When a (submit query) pair occurs, the
module accesses a database of all previous queries that con-
tain all or some of the query terms, attempting to find at least
three queries to present to the user. If the database con-
tains three queries that contain all the terms, the module se-
lects these queries, unless one is identical to the current
query. If the database contains more than three, the module
selects the top three queries on the basis of frequency of oc-
currence. If the database contains fewer than three, the mod-
ule queries the database for queries that contain at least one
of the terms, beginning with the first term in the current
query. The module repeats the process until it has at least
three queries to present to the searcher. One can alter the
number of queries the module returns.

The Refinement module uses a (submit query) pair and the
number of results retrieved to suggest alternate queries
either to tighten or to loosen the retrieval function. If the sys-
tem retrieves more than 30 results, the module first checks
the query for the AND, MUST APPEAR, or PHRASE oper-
ators. If the module detects no operators, it reformulates the
queries by using the existing terms and the appropriate
AND, MUST APPEAR, or PHRASE operators. If the mod-
ule detects AND or MUST APPEAR operators in the query,
the module refines the query with the PHRASE operator. If
the module detects PHRASE operators in the query, the
module does no refinement to tighten the query. If the sys-
tem retrieves fewer than 20 results, the module performs a
similar process to broaden the query by removing AND,
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MUST APPEAR, and PHRASE and replacing them with the
OR operator.

The Tracking module monitors user interactions with the
browser, including interactions with the browser tool bars,
along with the object of the interaction. The Tracking mod-
ule then formulates the (a, o) pair, passing the pair to the
appropriate module.

The Assistance module receives the automated assistance
from the Similar Query, Query Terms, Relevance Feedback,
Reformulation, and Refinement modules, presenting the
automated assistance to the searcher via a dynamically
inserted Active Server Pages (ASP) script, which the browser
loads with the Web document. For the spelling assistance,
the application presents each term, followed by a list of pos-
sible correct spellings. The same format is followed for syn-
onym assistance. Queries with spelling corrections, similar
queries, relevance feedback terms, and restructured queries
are presented as clickable text (i.e., the searcher can click on
the anchor text to generate a new search).

User Study

In the following sections, we outline our empirical
evaluation.

Study Design

We used two systems in this study. All participants used
both systems (i.e., a within-participants study) using one of
six TREC topics. We counterbalanced the systems and
rotated both the use and the order of the topics on the sys-
tems. The two systems in this evaluation were identical in all
respects, except that one offers automated assistance, and the
other does not. The back-end IR system used for the empiri-
cal study is Microsoft’s Internet Information Service (IIS).
The IIS system is running on an IBM-compatible platform
using the Windows XP operating system and Microsoft
Internet Explorer as the system interface. For the automated
assistance system, we integrated the automated assistance
application via a wrapper to the Internet Explorer browser.
For the baseline system, we used a duplicate automated
assistance script with the Assistance module disabled so that
the system would not display the automated assistance in the
browser (i.e., the system would calculate the assistance but
not display it). This method ensured that the two systems
were identical in terms of document collection, IR system,
browser, computer system, and search processing time.

Prestudy Measures

The participants for the evaluation were 40 college stu-
dents (35 males and 5 females) who were attending a major
U.S. university and were recruited from two courses of an
information science and technology program. The partici-
pants were volunteers and received extra course credit for
their participation. All were familiar with the use of Web
search engines. We gave them no additional training. We ad-
ministered a prestudy survey to collected demographic data

on the participants, along with data concerning their search-
ing perceptions and behaviors. Table 4 presents the pertinent
demographic information.

The average age of the participants was 21 years. Of the
participants, 26 reported more than 5 years’ experience using
Web search engines. The participants self-rated their search-
ing skills. Of the 40 participants, 31 rated themselves as
expert or near expert. None rated himself or herself as
novice. So, in general, the sample represents a young popu-
lation who are comfortable with using the Web to locate
information. Students of this type have been used as surro-
gates for knowledge workers, who are people who work at
the tasks of developing or using knowledge or information
(e.g., Lucas & Topi, 2002).

We also asked the participants which search engines they
used frequently and why, in order to gauge their level of sys-
tem familiarity. The participants could list more than one
search engine. The most frequently used search engine
reported was Google. Four search engines (AOL, MSN,
Ask.com, Meta-crawler) were listed once. Reported fre-
quency of search engine usage per day (participants could
report a range) averaged 4.6 to 5.5 occurrences. Weekly
search engine usage averaged 30.5 to 33.1 occurrences.

We asked the participants what type of information they
normally searched for on the Web. Responses are displayed
in Table 5.

From Table 5, we see that research for classes was the
number one reason for Web searching, reflecting the student
occupation of the participants, but online research is also a
reasonable task for the typical knowledge worker. Also,
many of these students hold jobs in the business or informa-
tion technology area, and 12% of the participants use the
Web to search for jobs or conduct research for work. The
other major topics generally reflect the themes reported in
studies of Web searching (Spink, Jansen, Wolfram, &
Saracevic, 2002) or survey data on Web searchers (Fox,
2002), so the results of this study may be generalized to a
broader Web population.

TABLE 4. Demographic characteristics of participants.

Age
Mean � 21.4, standard deviation � 1.96, mode � 21

Gender
Male 35 (88%), female 5 (12%), total � 40

Experience with search engines
< 1 year, 0; 1–3 years, 2; 3–5 years, 12; >5 years, 26; total � 40

Self-reported skill rating
1 (Novice), 0; 2, 2; 3, 7; 4, 23; 5 (expert), 8; total � 40

Typically find what looking for?
Yes, 36; no, 4; total � 40

Search engine most frequently used
Google, 38; Yahoo!, 7; Alta Vista, 2; others, 4; total � 51

Search engine use (daily)
Mean range � 4.6–5.5, standard deviation range �3.6–4.1

Search engine use (weekly)
Mean range � 30.5–33.1, standard deviation range � 27.2–28.6
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We asked the participants to list the causes of success in
finding relevant information. Participants could list more
than one reason. We content analyzed these responses, pro-
ducing in six nonmutually exclusive categories. The results
are listed in Table 6.

Table 6 indicates that the major reasons users gave for
finding relevant information were all searcher-focused,
namely, their searching skill (36%), terms and term selection
(26%), and effort (13%). The examples presented are typical
of the subject responses. Only one subject listed the search
engine as the cause of successful searches. Given the exten-
sive amount of research and development of IR systems, it is
interesting that these participants viewed the system as sec-
ondary to their own ability in the process. These findings
would indicate that efforts to improve the searching ability
of the user may be fruitful.

We also administered the Problem Solving Inventory (PSI)
survey instrument to all 40 participants. The PSI inventory
consists of a 35-item self-report measure in a 6-point Likert
style format (strongly agree to strongly disagree) (Heppner,
1988a). The PSI assesses an individual’s perceptions of his

or her problem-solving capabilities (i.e., a person’s level of
efficacy as a problem solver). Self-efficacy in a given area is
correlated to actual performance in that area (Bandura,
1994). The PSI provides a general index of Problem-Solving
Confidence (self-assurance while engaging in problem-
solving activities), Approach–Avoidance Style (tendency
either to approach or to avoid problem-solving activities),
and Personal Control (extent of control over their emotions
and behaviors while solving problems). A high score
indicates a general negative self-appraisal (Heppner, 1988a).

The PSI instrument possesses good internal consistency.
Internal consistencies using Cronbach’s alpha range from
.72 to .85 for the subtests and .90 for the inventory total
(Heppner, 1988a). Researchers who have accessed concurrent,
discriminate, and construct validity have found correlations
between the factors and the total PSI significant (Heppner,
1988a). The validity of the PSI has been evaluated in various
populations, including adolescents, psychiatric populations,
and university students (Heppner, 1988b). Table 7 presents
the PSI scores of the participants in this study.

As a whole, the participants’ scores are in line with
reported scores of other samples of U.S. college students
(Heppner, 1988b). Usually, one uses PSI scores to measure
the result of some effect (i.e., training, course, or event) or to
compare two groups (i.e., male and female, single or mar-
ried). In this research, we use it post hoc to compare prob-
lem-solving self-efficacy differences among various group
pairings that emerged. The grouping pairs that emerged from
our research were (1) participants who viewed the assistance
and those who did not, (2) participants who implemented as-
sistance and those who did not implement the assistance, and
(3) participants who performed better with assistance and
those who did not. There was no significant difference in PSI
scores in any of the pairs in any of the groups.

Document collection and topics. We utilized TREC
volumes number 4 and 5 as the document collection for the
evaluation. The document collection is more than 2 gigabytes
(GB) in size, containing approximately 550,000 documents.

Each TREC collection has a set of topics for which there
are relevant documents in the collection. We selected six
topics at random:

• Number 304: Endangered Species (Mammals)
• Number 311: Industrial Espionage
• Number 323: Literary/Journalistic Plagiarism

TABLE 5. Type of information searched for on the Web.

Research for classes 40 16%
To locate Web sites 36 14%
Entertainment/recreation 33 13%
Places or products 32 13%
News or information on events 32 13%
Job searching, research for work 29 12%
Locate people (e-mail, addresses, 

phone numbers, etc.)   16 6%

Commerce, travel, employment,
or economy 14 6%

Society, culture, ethnicity, 
or religion 8 3%

Health, medical, or sciences 7 3%
Government information 3 1%
Other  1 0%

251 100%

TABLE 6. Reasons for successfully locating relevant information.

Examples from 
Category Number subject comments

Searching skill 17 36% • Well planned queries
• I use quoted searches

Terms, term selection 12 26% • Specific keywords
• Use of right terms

Searching effort 6 13% • Persistence
• Amount of time spent

searching
Nonchallenging topic 4 9% • No obscure topics

• Not looking for rare
content

Quantity of content 4 9% • Web has extensive
information

• Because amount
available

TABLE 7. Perceptions of problem-solving ability.

Efficacy Points Maximal Minimal
component possible range m sd score score

Self-confidence (SC) 11–66 21 5.6 33 8
Approach avoidance (AA) 16–96 43 10.2 64 18
Personal control (PC) 5–30 14 5.0 23 2
Total 32–192 88 17.9 125 34

Note. n � 40; m � mean; sd � standard deviation.
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• Number 335: Adoptive Biological Parent 
• Number343: Police Deaths
• Number350: Health and Computer Terminals

There are 904 TREC-identified relevant documents for
the six topics: 0.2% of the total document collection.

Experimental setup. At the start of the study, we provided
each of the participants a short statement instructing him or
her to search on a given topic in order to prepare a report, an
instruction that is in line with the definition of relevance
judgments for the TREC documents. The participants had
15 minutes on each system to find as many relevant documents
as possible. We selected a time limit for both implementa-
tion (i.e., duration of the lab study) and practical reasons.
Research reports that the length of a typical Web search ses-
sion is approximately 15 minutes (Jansen & Spink, 2003).

We notified the participants that when they are using the
automated assistance system the system contains an automatic
feature to assist them while they are searching. We showed
them a screen capture of the assistance button. Otherwise, we
provided no additional guidance, instruction, or training.

For the searching sessions, we gave each of the participants
one of the six search topics, read the one-paragraph

explanation provided with the TREC collection, and gave
them the written explanation. We asked the participants to
search as they do normally when they conduct online research,
taking whatever actions they usually take when locating docu-
ments of interest online. In this respect, we adhere to the
recommendations to place the searching need within a work
scenario (Borlund & Ingwersen, 1997). Once the subject
completed the first search, he or she moved to the other system
(i.e., nonautomated assistance to automated assistance system
or automated assistance to nonautomated assistance system),
and we repeated the process with a new topic. See Figure 2 for
an image of the automated assistance.

Results

In the following section, we present the results of the em-
pirical evaluation. We first evaluate our hypotheses, then
present results on use of implicit feedback and use of auto-
mated assistance.

During the evaluation, 10 participants did not view or im-
plement the automated assistance. We eliminated the results
of these 10 participants from the evaluation of research
question 1 in order not to skew the quantitative performance
evaluation. We instead report data on the 30 participants

FIG. 2. Automated assistance after submitting a query.
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who interacted with the automated assistance feature.
We also present an analysis of possible reasons that these
10 participants did not use the assistance and exclude these
10 participants from the qualitative analysis. Early results
were presented in Jansen & McNeese (2004a, 2004b).

Hypotheses Evaluations

Hypothesis 01a evaluation. We tested hypothesis 01a:

Hypothesis 01a: There is a significant increase in searching
performance when using a system offering automated assis-
tance compared to a system without automated assistance
during the search process, as measured by the number of rel-
evant documents that the user selects.

We performed a paired t test using the number of relevant
documents identified by the test participants during their ses-
sions on each system. There was a significant difference in
performance between the two systems, using the paired t test,
one-sided, t(29) � 1.76, p � .05. Therefore, we accept the
hypothesis: There is a statistically significant performance
improvement with an automated assistance system. How-
ever, the t value is only slightly greater than the critical value
of 1.70. Therefore, the improvement is slight.

Table 8 displays the number of relevant documents iden-
tified by participants on the system without and the system
with automated assistance.

The participants identified 154 relevant documents when
using the system with automated assistance versus 125 rele-
vant documents on the system with no automated assistance,
a 20% increase in performance with the automated assis-
tance system. The participants identified about 5 relevant
documents per session on the system with automated assis-
tance and about 4 relevant documents on the system without
assistance. There were 15 participants (50%) who located
more relevant documents using the automated assistance
system compared to 9 (30%) who performed better on the
system without assistance. Six participants (20%) located
the same number of relevant documents on both systems.

Therefore, although the automated assistance was effec-
tive overall, there are sizable percentages of searchers for
whom automated assistance is of no help (20%) or may
actually decrease performance (30%).

Hypothesis 01b evaluation. We tested hypothesis 01b:

Hypothesis 01b: There is a significant precision improve-
ment in using a system offering automated assistance com-
pared to a system without automated assistance during the
search process, as measured by the number of relevant
TREC documents that the user retrieves in a single query.

We performed a paired t test using the number of relevant
documents within the top 50 retrieved by the test participants
for their most successful query during their session on each
system. There was no significant difference in performance
between the two systems. We also tested for differences with
document cutoff values of 10, 20, 30, and 40, again with no
significant difference in performance between the two
systems. Therefore, we reject the hypothesis: There is no
support for a statistically significant performance improve-
ment with an automated assistance system at the query level.

Table 9 displays the number of relevant TREC documents
retrieved by participants on the system without and the
system with automated assistance.

The participants retrieved 500 relevant documents using
the system with automated assistance versus 503 relevant
documents on the system with no automated assistance.
There were equal numbers of participants (12 each) who had
their best performance on each system, and 6 participants
had no improvement on the system with automated assis-
tance. Six participants (20%) located the same number of
relevant documents on both systems.

It is interesting to note the difference in the number of
TREC retrieved versus the number of documents that the
users judged relevant (see Table 9). Other researchers have
also noted variations between TREC relevance judgments
and those of real users (Vakkari & Sormunen, 2004). Using
TREC-identified relevance judgments, the participants

TABLE 8. Identification of relevant documents.

System System
without with

Relevant documents from all users 130 159

Mean number of relevant documents 4.17 5.13

Standard deviation 3.16 4.07

Participants who located more relevant documents 
on system without automated assistance 9 30%

Participants who located more relevant documents 
on system with automated assistance 15 50%

Participants who located same number of relevant 
documents on both systems 6 20%

Total 30 100%

TABLE 9. Identification of relevant documents.

System System
without with

Relevant documents from all users 503 500
Mean number of relevant documents 15.8 15.7
Standard deviation 6.7 5.9
Mean precision .34 .34
Standard deviation .16 .12
Participants who located more relevant documents 

on system without automated assistance 12 40%
Participants who located more relevant documents 

on system with automated assistance 12 40%
Participants who located same number of relevant 

documents on both systems 6 20%

Total 30 100%
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retrieved approximately four times more relevant documents
in a single query than they identified as relevant during their
entire sessions. From observation during the study, this dis-
crepancy occurs for several reasons, including a ranking bias
(most participants view only the first or second results pages
of 10 results) and reliance on the summary in the results
page (i.e., if the title and abstract do not appear interesting,
the participants seldom view the document), except in frus-
tration (e.g., I am not finding anything, so I will look at this
result). The TREC relevance judgments also include docu-
ments that are marginally relevant, at best, and that charac-
teristic contributed to the discrepancy.

Hypothesis 01c evaluation. We tested hypothesis 01c:

Hypothesis 01c: There is a significant precision improve-
ment in using a system offering automated assistance com-
pared to a system without automated assistance during the
search process, as measured by the number of relevant
TREC documents that the user retrieves per session.

We performed a paired t test using the number of relevant
documents retrieved within the top 50 retrieved by the test
participants during their sessions on each system. We aggre-
gated results from all queries during each subject’s session,
removing duplicate results. Therefore, each relevant and
each nonrelevant result was counted once regardless of the
number of times it was retrieved during the session. There
was no significant difference in performance between the
two systems. Therefore, we reject the hypothesis: There is
no support for a statistically significant performance im-
provement with an automated assistance system at the ses-
sion level.

Table 10 displays the number of relevant TREC docu-
ments retrieved by participants during a session on the sys-
tem without and the system with automated assistance.

The participants identified 831 relevant documents using
the system with automated assistance versus 876 relevant
documents on the system with no automated assistance, a
5% decrease in performance with the automated assistance
system, although statistically insignificant. There were

19 participants (63%) who located more relevant documents
using the automated assistance system compared to 11
(37%) who performed better on the system without
assistance. Therefore, although the automated assistance
was not effective overall, there are sizable percentages of
searchers (63%) for whom automated assistance increased
performance.

Because the number of participants with better perfor-
mance on the system with automated assistance was greater
than number with better performance on the system without
assistance, we verified the result of our paired t test with both
the sign test (S� � 19, S� � 11, p � .2) and the Wilcoxon
matched-pairs signed-ranks test (W� � 215, W� � 191,
n � 28, p � .8). Both were also not significant, verifying
our result.

After the search session, each searcher completed a sub-
jective evaluation of the automated assistance. The Ques-
tionnaire for User Interface Satisfaction (QUIS) (Chin,
Diehl, & Norman, 1988) is an instrument that measures user
satisfaction with a particular system interface feature using
24 questions on a 1–9 rating scale. In this case, we focused
the QUIS evaluation solely on the automated assistance fea-
ture of the interface. The QUIS has a reliability rating based
on Cronbach’s alpha of .94 (Chin et al., 1988). A complete
version of the instrument with average and standard devia-
tions for all 24 questions is included in Appendix B. A sum-
mary of major results is displayed in Table 11.

In the evaluation of the responses, four negative reactions
were found. In overall reaction to the software, participants
rated the assistance as dull and not simulating, frustrating in-
stead of stimulating, and inadequate in power. In terms of
system capability, participants rated the system as too slow.
Some of the frustration may have been a carryover from the
underlying content system, which was slow in returning
results for some queries.

On the positive side, participants rated the system as very
easy to use, with a clear sequence of screen presentations.
They rated the terminology of the assistance clear, consis-
tent, and clearly positioned on the screen. Prompts to imple-
ment the assistance (i.e., hyperlinks) were also clearly un-
derstood. The assistance achieved its highest rating in terms

TABLE 10. Identification of relevant documents.

System System
without with

Relevant documents from all users 876 831
Mean number of relevant documents 30.2 28.7
Standard deviation 13.1 12.8
Participants who located more relevant documents on 

system without automated assistance 11 37%
Participants who located more relevant documents on 

system with automated assistance 19 63%
Participants who located same number of relevant 

documents on both systems 0 0%
Total 30 100%

TABLE 11. Mean item for Questionnaire for User Interface Satisfaction
responses.

Questionnaire item Standard
(1–9 Likert scale) Average deviation

Overall reaction to software
(terrible – wonderful) 4.6 0.4

Screen
(difficult–easy) 5.2 0.3

Technology and system information 
(inconsistent–consistent) 6.0 0.4

Learning
(difficult–easy) 7.0 0.3

System capabilities
(unreliable–reliable) 4.9 0.1



1492 JOURNAL OF THE AMERICAN SOCIETY FOR INFORMATION SCIENCE AND TECHNOLOGY—December 2005

of learning, as participants rated the assistance application
highly in ease to learn, ease to try, ease to remember,
straightforward, and helpful. For system capabilities, partic-
ipants also gave the application high marks for ease of
correcting mistakes.

Nonuse of automated assistance. We designed the system
to offer help whenever there was assistance; that is, after
every query and every implicit feedback action, the assis-
tance button would appear on the browser. There were 199
total queries submitted by the 30 users on the automated
assistance system (M � 6.63, SD � 3.68) and 123 implicit
feedback actions. Therefore, the assistance button appeared
322 times; of those 322 times users viewed the assistance 91
times (28%). We thought that this percentage was low
because we assumed that the novelty factor alone would
entice users at least to view the assistance.

As indicated by analysis of comments during the session,
the postsearch survey, and interviews of the 10 participants
who did not utilize the assistance at all, there appear to be at
least two major reasons for not viewing the assistance. The
comment by Matt (name changed for privacy reasons), “I
just prefer to search on my own. I usually don’t seek any
help,” sums up the first reason.

There are a sizable portion of searchers who like to at-
tempt things on their own first and seek assistance only when
needed. If they believe they are doing all right, they see no
need for system assistance. We initially thought that there
may be a difference in the PSI scores between the 10 partic-
ipants who did not use the automated assistance and the 30
who did; however, a statistically t test did not confirm this
hypothesis. There was no statistical difference in PSI scores,
or scores of any of the three PSI subsections, for any of the
three groups, as shown in Table 12. Therefore, the decision
to use system assistance is not related to perceptions of
problem-solving ability.

Interestingly, perceptions of problem-solving ability were
not related to decisions to use or not use assistance. Problem-
solving ability efficacy was also not related to performance
improvement. Given the work on information searching as a
problem-solving activity (Belkin, 1988; Miwa, 2001; Syu &
Lang, 2000), one would expect some relationship between
problem-solving self-efficacy and searching performance
(Bandura, 1994).

The second major reason concerns interface design issues,
as expressed by Larissa ( name changed for privacy consider-
ations), “To tell you the truth, I was halfway through the search
before I realized it [i.e., the assistance button] was there.”

We had attempted to make the assistance button nonintru-
sive. However, apparently there must be some intrusiveness
in order to attract the attention of searchers. This shortcoming
could be remedied, for example, by providing a button that
blinks or by adding an auditory component that draws the
user’s attention to the assistance more effectively. For some
searchers, the assistance button did not attract enough atten-
tion while the users were searching. Figure 3 shows the
interface without the assistance button and the interface with
the assistance button.

Moving to research question 2 (How do searchers interact
with automated assistance during the search process?), we

TABLE 12. Problem Solving Inventory Comparisons.

Implemented Performance 
Viewed the assistance improved and 

assistance and and did not performance did 
Group pairs did not view implement not improve

t value �0.10 �0.88 �0.11
p 0.51 0.76 0.65
n (For each group) 30, 10 25, 5 15, 15
Means 87.3, 91.2 87.6, 90.0 87.3, 89.0

FIG. 3. Automated assistance button and assistance displayed.
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now present analysis results on the categories of user–system
interaction and frequencies of occurrence.

User–System Interaction Taxonomy

We identified the specific user actions on the automated
assistance system using the transaction log and coded proto-
cols from the video analysis. These interactions relate to user
tasks during the search process. From this task analysis, we
developed a taxonomy of user–system interactions, as
shown in Table 13.

We identified 9 major categories and 26 subcategories,
shown in Table 13, which account for 1,879 user interactions
with the system. Column 1 contains the major and minor
states. Column 2 is the number of occurrences. Column 4
represents the percentage of all occurrences. Descriptions of
the taxonomy states are listed in Table 14.

Overall, the highest percentage of interactions was
related to View Results (21%); another 16.5% moved among

the various listings in the results set or clicked on a URL
within the results set (Selection).

Addressing research question 2a (i.e., How often do
users seek and implement automated assistance in the
search process?), Table 14 shows the users viewed the
assistance 91 times (4.8% of all user–system interactions),
or 28.2% of the 322 times the system offered assistance.
The mean number of assistance viewings per searcher was
6.1 with a standard deviation of 2.7 interactions. The
searchers implemented the assistance 65 times (3.5% of all
user–system interactions and 71.4% of the times viewed)
for an average of 4.3 interactions per searcher with a
standard deviation of 2.7. This percentage of interaction
represents a conservative estimate, as one can assume some
learning by the searchers was occurring through viewing
the searching assistance. They could then modify their
search behavior later in the session without overtly
implementing the assistance.

We examined the interactions of viewing and implement-
ing the searching assistance across the duration of the session.
The search process is composed of multiple interactions
between the searcher and the system, a process that unfolds
sequentially over time. Each interaction between the user and
the system is discrete, but not necessarily independent. There-
fore, in order to understand how searchers interact with auto-
mated assistance, we analyzed these interactions with the
automated assistance component along the entire session
path. We present a temporal view of times in the search
process when searchers interacted with the system by viewing
the assistance and implementing the assistance in Figure 4.

As we see in Figure 4, the rates of viewing and imple-
menting assistance generally hang together, and the rates of
implementation are lower than the rate of viewing. From the
number of interactions per minute, we see an alternating
pattern of reliance on self (i.e., searching without system
assistance) and system (i.e., seeking searching assistance
from the system). As the search process begins, the rates of
interaction are relatively low; that finding tracks with the
participants’ viewing of themselves as the primary basis for
locating relevant information. The number of interactions
per minute increases as the process unfolds. Between the
middle and end of the session, the rate of interaction with the
automated assistance trends downward.

TABLE 13. Taxonomy of user–system interactions.

State Occurrences Percentage

View results 399 21.23%
View results: With scrolling 248 13.20%
View results: Without scrolling 126 6.71%
View results: but No Results in Window 25 1.33%

Selection 310 16.50%
Click URL (in results listing) 276 14.69%
Next in set of results list 32 1.70%
GoTo in set of results list 1 0.05%
Previous in set of results list 1 0.05%

View document 234 12.45%
View document: With scrolling 201 10.70%
View document: Without scrolling 33 1.76%

Execute 234 12.45%
Execute query 199 10.59%
Find feature in document 31 1.65%
Create favorites folder 4 0.21%

Navigation 220 11.71%
Navigation: Back 220 11.71%

Browser 167 8.89%
Open new browser 110 5.85%
Switch / Close browser window 57 3.03%

Relevance action 159 8.46%
Relevance action: Bookmark 98 5.22%
Relevance action: Copy Paste 46 2.45%
Relevance action: Print 9 0.48%
Relevance action: Save 6 0.32%

View assistance 91 4.84%

Implement assistance 65 3.46%
Implement assistance: PHRASE 16 0.85%
Implement assistance: Spelling 13 0.69%
Implement assistance: Previous queries 12 0.64%
Implement assistance: AND 11 0.59%
Implement assistance: Synonyms 11 0.59%
Implement assistance: Relevance feedback 1 0.05%
Implement assistance: OR 1 0.05%

1,879 100.00%
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FIG. 4. Temporal view of interaction with automated assistance.
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TABLE 14. Taxonomy of user–system interactions.

State Description

View results Interaction in which the user viewed or scrolled one or more 
pages from the results listing. If a results page was present
and the user did not scroll, we counted this as a View
Results Page.

View results: With Scrolling User scrolled the results page.
View results: Without Scrolling User did not scroll the results page.
View results: but No Results in Window User was looking for results, but there were no results in

the listing.

Selection Interaction in which the user makes some selection in the
results listing.

Click URL (in results listing) Interaction in which the user clicked on a URL of one of the
results in the results page.

Next in Set of Results List User moves to the Next results page.
GoTo in Set of Results List User selects a specific results page.
Previous in Set of Results List User moves to the Previous results page.

View document Interaction in which the user viewed or scrolled a particular
document in the results listings.

View document: With Scrolling User scrolled the document.
View document: Without Scrolling User did not scroll the document.

Execute Interaction in which the user initiates an action in the
interface.

Execute Query Interaction in which the user entered, modified, or submitted
a query without visibly incorporating assistance from the
system.  This category includes submitting the original
query, which was always the first interaction with system.

Find Feature in Document Interaction in which the user uses the FIND feature of the
browser.

Create Favorites Folder Interaction in which the user creates a folder to store
relevant URLs.

Navigation Interaction in which the user activated a navigation button
on the browser, such as Back or Home.

Navigation: Back User clicked the Back button.

Browser Interaction in which the user opens, closes, or switches
browsers.

Open new browser User opened a new browser.
Switch / Close browser window User switched between two open browsers or closed a

browser window.

Relevance action Interaction such as print, save, bookmark, or copy.

Relevance Action: Bookmark User bookmarked a relevant document.
Relevance Action: Copy Paste User copy-pasted all of, a portion of, or the URL to a

relevant document.

Relevance Action: Print User printed a relevant document.
Relevance Action: Save User saved a relevant document.

View assistance Interaction in which the user viewed the assistance offered
by the application.

Implement Assistance Interaction in which the user entered, modified, or submitted
a query, utilizing assistance offered by the application.

Implement Assistance: PHRASE User implemented the PHRASE assistance.
Implement Assistance: Spelling User implemented the SPELLING assistance.
Implement Assistance: Previous Queries User implemented the PREVIOUS QUERIES assistance.
Implement Assistance: AND User implemented the AND assistance.
Implement Assistance: Synonyms User implemented the SYNONYMS assistance.
Implement Assistance: Relevance Feedback User implemented the RELEVANCE FEEDBACK

assistance.

Implement Assistance: OR User implemented the PHRASE assistance.

Note. Participants never used Navigation: Forward during the study.
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We expected that as the number of relevant documents
located increased, the number of interactions with the assis-
tance would decrease. Conversely, we expected that as the
rate of interaction increased, the result of that interaction
would be a decrease in the number of relevant documents
found. However, this does not appear to be the case. The rate
of interaction with the automated assistance appears to have
no relationship to the number of relevant documents
retrieved. This finding implies that there is some other moti-
vation than performance that causes the searcher to seek
assistance.

Table 15 displays the numbers of occurrences of View
Assistance and Implement Assistance by minute of the
search process.

Patterns of User–System Interaction

In order to address research question 2b (Where in the
search process do users seek automated assistance?) and re-
search question 2c (Where in the search process do users im-
plement automated assistance?), we examined single transi-
tions (i.e., users moving from one category to another
category) and then multiple transitions (i.e., users moving
from one category to a second category to a third category).

Single transitions. Using our taxonomy, we identified the
action immediately preceding a user’s requesting assistance
and the action immediately preceding a user’s implementing
the assistance. We coded each transaction from the first
category to the second category, assigning a code to each
category-to-category pair based on initial and terminating
states.

There were 171 unique patterns with 1,716 total pattern
occurrences. From these occurrences, we isolated the

patterns that terminated with a View Assistance (A) or
Implement Assistance category (I). There were 10 unique
View Assistance transition patterns with a total of 91 occur-
rences. For Implement Assistance, there were 13 unique
transition patterns with 65 total occurrences. Tables 16 and
17 display the results of this analysis.

In Table 16, column 1 is the number of occurrences for
the pattern. Column 2 is the percentage of all two-state
patterns terminating with View Assistance that these occur-
rences represent. Column 3 is the percentage of all patterns
these occurrences represent. Column 4 is the pattern code;
columns 5 and 6 are the full descriptions of each state. For
example, row 1 shows that there were 29 unique single-
transition patterns, beginning with the category View
Results: With Scrolling and terminating with the state View
Assistance, representing 31.9% of all View Assistance
patterns and 1.7% of all patterns.

Aggregating similar patterns allows some trends to
emerge. First, there is a high percentage of viewing assis-
tance after examining the results listing page; three patterns
(2A, 3A, 4A) account for 45% of all View Assistance patterns.
The searchers are obviously making judgments about the
effectiveness of the query based on the metadata of the doc-
uments on the result page. Second, a surprisingly high
percentage (24.2%) of the searchers examine the assistance
immediately after entering the query (FA) or after imple-
menting system assistance (2.2% with patterns IA and KA).
This interaction may indicate that the searchers are unsure
of their query or are curious about the system advice.
Finally, 24.2% of the searchers viewed the assistance after a
navigation action (RA), indicating the viewing of a possibly
nonrelevant document.

The layout of Table 17 is similar to that of Table 16. For
example, row 1 of Table 17 shows that there were 15 unique

TABLE 15. Occurrences of View Assistance and Implement Assistance by period.

View Assistance Implement Assistance Relevant documents

Period Occurrences Percentage Occurrences Percentage Occurrences Percentage

1 4 4% 0 0% 0 0.0%
2 4 4% 4 6% 6 3.8%
3 5 5% 1 2% 10 6.3%
4 5 5% 5 8% 10 6.3%
5 6 7% 5 8% 13 8.2%
6 2 2% 3 5% 12 7.5%
7 2 2% 1 2% 15 9.4%
8 9 10% 9 14% 16 10.1%
9 7 8% 2 3% 13 8.2%

10 9 10% 5 8% 7 4.4%
11 9 10% 8 12% 12 7.5%
12 10 11% 8 12% 6 3.8%
13 9 10% 6 9% 18 11.3%
14 6 7% 5 8% 8 5.0%
15 4 4% 3 5% 13 8.2%

91 100% 65 100% 159 100.0%

Mean 6.1 4.3 10.6
Standard deviation 2.7 2.7 4.6
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single-transition patterns terminating with the state Imple-
ment Assistance: PHRASE, which is 23.1% of all two-state
patterns terminating with Implement Assistance: PHRASE
and 0.9% of all two-state patterns. As would be expected, a
large percentage of the searchers implemented the assistance
immediately after viewing. A perhaps surprising percentage
(17%) took some other action before implementing the as-
sistance. The most common of these patterns were 2I, 2O,
and 3I, at 3.1% each.

Multiple transitions. We next analyzed dual-transition pat-
terns, in which the searcher moved from one state to a sec-
ond state to a third state. There were 451 unique two-
transition patterns and 1,639 two-transition occurrences. We
were interested in the two transition patterns that terminated
with the user’s viewing the automated assistance and imple-
menting the automated assistance. The results of our analy-
sis are displayed in Tables 18 and 19.

In Table 18, column 1 is the number of occurrences for the
pattern. Column 2 is the percentage of all three state patterns
terminating with View Assistance these occurrences repre-

sent. Column 3 is the percentage of all patterns these occur-
rences represent. Column 4 is the pattern code; columns 5, 6,
and 7 are the full descriptions of each state. For example, row
1 shows that there were 9 occurrences of the unique two-
transition pattern Execute Query–View Results: With
Scrolling–View Assistance (F2A), representing 10.3% of all
View Assistance patterns and 0.5% of all patterns.

The patterns Execute Query–View Results: With
Scrolling–View Assistance (F2A) and View Results: With
Scrolling–Execute Query–View Assistance (2FA) occurred
most frequently. The Execute Query–View Results: With
Scrolling–View Assistance pattern would appear to indicate
that the searcher is not satisfied with the results as displayed in
the results listing. The View results: With Scrolling–Execute
Query–View Assistance may be related to the searcher’s
being unsatisfied with the results listing and immediately
reformulating the query.

Table 19 presents the two-transition patterns terminating
with Implement Assistance.

Table 19 lists the three-state patterns terminating with
Implement Assistance. For example, row 1 shows that there
were 10 occurrences, representing 15.4% of all Implement

TABLE 16. Single-transition patterns with terminating state of View Assistance.

Percentage Percentage 
Occurrences (All) (A patterns) Pattern State one State two

29 31.9% 1.70% 2A View Results: With scrolling View Assistance
22 24.2% 1.30% FA Execute Query View Assistance
22 24.2% 1.30% RA Navigation: Back View Assistance

9 9.9% 0.50% 3A View Results: but No Results in Window View Assistance
3 3.3% 0.20% YA Switch Browser Window View Assistance
2 2.2% 0.10% 4A View Results: Without Scrolling View Assistance
1 1.1% 0.10% CA Relevance Action: Copy Paste View Assistance
1 1.1% 0.10% IA Implement Assistance: AND View Assistance
1 1.1% 0.10% KA Implement Assistance: OR View Assistance
1 1.1% 0.10% ZA Uses Find Feature in Document View Assistance

91 100.0% 5.50%

TABLE 17. Single-transition patterns with terminating state of Implement Assistance.

Percentage 
Percentage (implement 

Occurrences (All) patterns) Pattern State one State two

15 23.1% 0.90% AL View Assistance Implement Assistance: PHRASE
12 18.5% 0.70% AN View Assistance Implement Assistance: Spelling
11 16.9% 0.60% AM View Assistance Implement Assistance: Previous Queries
9 13.8% 0.50% AO View Assistance Implement Assistance: Synonyms
7 10.8% 0.40% AI View Assistance Implement Assistance: AND
2 3.1% 0.10% 2I View Results: With Scrolling Implement Assistance: AND
2 3.1% 0.10% 2O View Results: With Scrolling Implement Assistance: Synonyms
2 3.1% 0.10% 3I View Results: but No Results in Window Implement Assistance: AND
1 1.5% 0.10% 3N View Results: but No Results in Window Implement Assistance: Spelling
1 1.5% 0.10% 4M View Results: Without Scrolling Implement Assistance: Previous Queries
1 1.5% 0.10% AJ View Assistance Implement Assistance: Relevance Feedback
1 1.5% 0.10% ML Implement Assistance: Previous Queries Implement Assistance: PHRASE
1 1.5% 0.10% RK Navigation: Back Implement Assistance: OR

65 100.0% 3.90%
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Assistance and 0.6% of all patterns. The pattern’s code is
2AL, which translates to View Results: With Scrolling–View
Assistance–Implement Assistance: PHRASE. In all but one
case (LEI–Implement Assistance: PHRASE–View Results:
but No Results in Window–Implement Assistance: AND),
searchers implemented assistance immediately after viewing
assistance. However, there were also 8 other patterns that
terminated with Implement Assistance without a View Assis-
tance that immediately followed. With 10 occurrences in
total, this grouping represents more than 15% of the 65 Im-
plement Assistance patterns.

Discussion

We conducted a two-system, counterbalanced evaluation
to measure the effect of automated assistance on searching

performance and behavior. We provide quantitative and
qualitative analysis of our results. Our sample were 40 par-
ticipants in their early twenties who had multiple years of
Web searching experience. Their searching interests appear
to mirror those of the Web population at large (Spink et al.,
2002). Their top criteria for rating a searching system were
performance and ease of use. The participants attributed
their searching success primarily to their own searching
skill. Their problem-solving efficacy was comparable to that
of U.S. college students in general. Their self-rated search-
ing expertise was high. Overall, the sample group were
young and comfortable with Web technology, representative
of today’s entry-level knowledge workers.

For the study, we used Microsoft’s IIS server as the
content engine, Microsoft Internet Explorer as the front end,
and an application that provided automated searching

TABLE 18. Multiple-transition patterns with terminating state of View Assistance.

Percentage Percentage 
Occurrences (all) (A patterns) Pattern State one State two State three

9 10.3% 0.5% F2A Execute Query View Results: With Scrolling View Assistance
9 10.3% 0.5% 2FA View Results: With Scrolling Execute Query View Assistance
8 9.2% 0.5% BRA Relevance Action: Bookmark Navigation: Back View Assistance
7 8.0% 0.4% R2A Navigation: Back View Results: With Scrolling View Assistance
7 8.0% 0.4% F3A Execute Query View Results: but No Results in Window View Assistance
7 8.0% 0.4% DRA View Document: With Scrolling Navigation: Back View Assistance
5 5.7% 0.3% 42A View Results: Without Scrolling View Results: With Scrolling View Assistance
5 5.7% 0.3% 1RA Click Results URL Navigation: Back View Assistance
3 3.4% 0.2% Y2A Switch Browser Window View Results: With Scrolling View Assistance
3 3.4% 0.2% T2A Next in Set of Results List View Results: With Scrolling View Assistance
3 3.4% 0.2% AFA View Assistance Execute Query View Assistance
2 2.3% 0.1% BYA Relevance Action: Bookmark Switch Browser Window View Assistance
2 2.3% 0.1% 4FA View Results: Without Scrolling Execute Query View Assistance

17 19.5% 1.0% All Others
87 100.0%

TABLE 19. Multiple patterns with terminating state of Implement Assistance.

Percentage 
Percentage (Implement

Occurrences (All) patterns) Pattern State one State two State three

10 15.4% 0.6% 2AL View Results: With Scrolling View Assistance Implement Assistance: PHRASE
5 7.7% 0.3% FAN Execute Query View Assistance Implement Assistance: Spelling
4 6.2% 0.2% RAI Navigation: Back View Assistance Implement Assistance: AND
4 6.2% 0.2% 3AN View Results: but No View Assistance Implement Assistance: Spelling

Results in Window
4 6.2% 0.2% 2AO View Results: With Scrolling View Assistance Implement Assistance: Synonyms
3 4.6% 0.2% RAO Navigation: Back View Assistance Implement Assistance: Synonyms
3 4.6% 0.2% FAL Execute Query View Assistance Implement Assistance: PHRASE
3 4.6% 0.2% 3AM View Results: but No View Assistance Implement Assistance: Previous Queries

Results in Window
3 4.6% 0.2% 2AM View Results: With Scrolling View Assistance Implement Assistance: Previous Queries
2 3.1% 0.1% YAM Switch Browser Window View Assistance Implement Assistance: Previous Queries
2 3.1% 0.1% L3I Implement Assistance: PHRASE View Results: Implement Assistance: AND

but No Results 
in Window

2 3.1% 0.1% FAM Execute Query View Assistance Implement Assistance: Previous Queries
2 3.1% 0.1% FAI Execute Query View Assistance Implement Assistance: AND

18 27.7% 1.1% All others
65 100.0% 4.0%
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assistance. Both systems were identical in all respects,
except that one system had the automated assistance display
enabled, and the other did not. The document collection
exceeded 500,000 documents, with approximately 0.2%
being relevant to the six topics that we used for the evalua-
tion based on TREC judgments. During the study, we coun-
terbalanced the systems, and we rotated the ordering of the
topics to mitigate any learning that may occur among topics.
The participants were placed in a work scenario with which
they were familiar (i.e., conducting research for a report) and
given 15 minutes, the duration of a normal Web search, to
conduct the search.

Returning to our two research questions (Does automated
searching assistance improve the search process? and How
do searchers interact with automated assistance during the
search process?), we first address performance issues.

Discussion of Evaluation of Hypotheses

For our first research question (Does automated search-
ing assistance improve the search process?), the answer may
be that it depends on the way you measure it. It appears that
automated assistance can improve the performance of the
searching process for users as measured from a user per-
spective. For hypothesis 01a, there was a significant im-
provement in performance when a searcher utilized the sys-
tem with automated assistance. In 50% (15) of the cases,
searchers on the system with automated assistance per-
formed better than on the system without automated assis-
tance. This finding is especially noteworthy because the au-
tomated assistance was based totally on implicit feedback,
which is naturally not as exact as explicit feedback. How-
ever, the Web is a natural environment for the use of implicit
methods, and our results indicate that the topic is a worth-
while area for research.

However, there were also 50% of the users who were not
helped by or who performed worse on the automated assis-
tance system: nine searchers who performed worse with auto-
mated assistance, and six searchers who performed equally
well on both systems. This finding would indicate that one
might not be able to apply automated assistance techniques
wholesale and still achieve maximal outcome. Rather, a more
personalized and targeted approach may be more beneficial.
This result also indicates that individual differences are also
likely active in utilizing and accepting automation assistance
to improve performance, as in other human–computer
interface applications. The finding that performance increase
was slight may indicate the need for a very robust automated
assistance system with exact and targeted assistance.

For our second hypothesis, construction of better queries,
there was no significant difference between optimal queries
on the two systems. Twelve users performed better using the
automated assistance system; 12 performed better on the
system without automated assistance; and 6 searchers
performed equally on both systems. Again, this result may
suggest that automated assistance at the query level is very
dependent on a robust assistance system.

For hypothesis 01c, session level performance, there was
no significant difference in session performance on the two
systems. There were 19 searchers (63%) who performed bet-
ter on the system with automated assistance and 11 searchers
who performed equally well on both systems. Although au-
tomated assistance is helpful, tailoring the assistance at the
session level may be even more beneficial. This would imply
keeping track of the various states of assistance presented
and identifying actions that are implicit feedback actions for
the information need. Of course, searchers sometimes go
astray, as attention is diverted to alternative information
needs, so some method of identifying these stray actions
would need to be developed.

Although, in each case, an equal or larger percentage of
searchers performed better on the system with automated as-
sistance, the difference was not significant. The level of vari-
ation is so great that automated assistance may need to be
personalized at the individual level. A positive sign was that
the results from the QUIS instrument indicate that auto-
mated assistance is an easy method for users to learn. There
was also the interesting perspective of the difference
between documents that the participants judged relevant and
those that are TREC identified. The TREC relevance
judgments may be too marginal for utilization in studies that
incorporate real users.

It was also noted that some users are not inclined to use
system assistance. When such users think that are doing
well, they see no need to use any system intervention. This
finding may point to the need for real-time performance
evaluation of searching success and highlighting of potential
improvements directly to searchers during the session. The
cognitive task of searching appears to be high, so any system
assistance must be noticeable to searchers. Problem-solving
ability does not seem to be related to use or nonuse of assis-
tance, or of searching performance. The use of automated
assistance occurs most frequently after an initial period in
which searchers attempt the task themselves. There does not
appear to be a relationship between use of the assistance by
users and previous searching performance.

Discussion of User–System Interaction

In the pattern analysis portion of the study, we investigate
three research questions: How often do users seek and
implement automated assistance in the search process?
Where in the search process do users seek automated assis-
tance? Where do users implement automated assistance in
the search process? Our research is motivated by a desire to
improve the search experience for the user by developing
automated assistance searching systems that provide the
proper type of assistance and offer it during the search
process when it is most beneficial to the user. Our basis for this
system development aim is that the user will be more open to
assistance from the system and may then engage some of the
advanced searching features that current IR systems offer.

There were 1,879 individual interactions with the system
by 30 users. Twenty-one percent of these interactions dealt
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with viewing the results listings and another 16.5% dealt
with navigating the results listing. Examination of the fre-
quency with which users seek automated assistance indicates
that searchers interact with the automated searching
assistance 28% of the time (91 of the 322 offers). The impli-
cation is that users will seek assistance if it is offered but also
have a preference to work through the searching process
without assistance.

Searchers rejected the offer of assistance nearly 72% of
the time (231 of 322 offers); however, searchers also imple-
mented the assistance 71% of the time (65 of 91 times) they
viewed the assistance. Therefore, users may exhibit tenden-
cies suggesting that they prefer to search without assistance;
however, if the system provides assistance and searchers
view it, users generally implement it. The 71% implementa-
tion rate also indicates that the users perceived the assistance
offered as beneficial. This 71% probably represents a con-
servative estimate, as assuming that some learning was tak-
ing place during the viewing of the assistance is reasonable.
Searchers could take advice from the system and implement
it later without directly accessing the assistance application.
The temporal examination of the data shows that there
appears to be no relationship between searchers’ utilizing the
automated assistance and their success in the search. If they
were successful or unsuccessful in locating relevant docu-
ments, interaction with the automated assistance did not
decrease or increase success.

There are certainly recurring patterns in the search process
in which searchers view assistance and when they implement
it. Thirty-two percent of all viewing of the automated assis-
tance occurred after Viewing the Results Listings action. This
result would indicate that the users make a determination of
the relevance based on the metadata presented in the results
list. When the determination is overly negative, they seek as-
sistance from the system. Perhaps in preparation for future
queries, some searchers will view the assistance immediately
after submitting a query. Searchers viewed assistance after a
Navigation action 25% of the time, indicating that navigation
actions may indicate indecision, frustration, or a transition
point for searchers. Users most commonly implemented the
assistance immediately after Viewing Assistance. However,
users took some other action 15% of the time before Imple-
menting Assistance. These results are similar to those re-
ported by Jansen (2005), who used a 5-minute session dura-
tion. Therefore, the duration of a searching session does not
appear to alter the usage of assistance.

The findings of the two-transition patterns analysis pro-
vide additional insights. More than 18% of the time,
searchers View Assistance after an Execute Query–View
Results pattern, without viewing any documents. The
searchers appear to be reviewing the metadata from the
results pages, and when they find nothing that appears rele-
vant, they seek assistance from the system. This apparent
behavior occurs again with the Navigation: Back–View
Results–View Assistance (8% of all View Assistance patterns).
Searchers also view assistance immediately after submitting
the query (10%), maybe checking the assistance in prepara-

tion for future use. Searchers have some preferences for
certain types of assistance, or certain assistance appears
more valuable at certain states. Searchers implement
PHRASE assistance after viewing the results listing. They
implement SPELLING assistance if there are no results
displayed. Users implement SPELLING, PREVIOUS
QUERY, or AND assistance after an Execute Query–View
Assistance pattern, perhaps indicating that they are unsure
whether the query actually represents their information need.

Conclusion and Future Research

The results of the research conducted so far are very
promising for the design of future automated assistance sys-
tems. In this article, we provide a review of implicit feedback
and a taxonomy of implicit actions related to Web searching.
We present the design of a general-purpose automated assis-
tance application that uses implicit feedback to recommend
searching tactics. We evaluate the use of automated assistance
with real users in order to measure the performance benefit of
automated assistance. Our results indicate that automated as-
sistance systems may improve the Web searching experience
by aiding in locating a greater number of relevant documents.
Results also indicate that searchers interact with these sys-
tems in predictable ways, and that the predictability might be
used to improve the design of future systems.

By detecting the patterns of user–system interaction,
designers can tailor IR systems to provide targeted assistance
at the proper temporal states when the user is willing to view
or implement the assistance. The IR system can then more ef-
fectively assist the searcher in locating the information de-
sired. From these results, it appears that one may be able to
determine user searching styles and determine possible auto-
mated assistance at this higher level. We are also investigat-
ing ways to incorporate the metadata from the results pages
and searcher interactions to provide targeted assistance.

Concerning redesign of the automated assistance applica-
tion, we are incorporating additional implicit feedback
measures, including browser e-mail, result list scrolling,
document scrolling, and content from the result abstract
based on click-through data. We would also like to reevalu-
ate the redesigned system with a larger sample size to
measure the direct performance effect of the various
automated assistance features.
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TABLE A1. Codes used in analysis and transcription with corresponding user–system interaction and explanatory note.

Analysis Transcription
codea codeb Action Explanatory note

A A View Assistance Denoted by clicking on Assistance button
B B Relevance Action: Bookmark Denoted by clicking on ‘‘Add to Favorites’’
C C Relevance Action: Copy Paste Denoted by selecting text, followed by Control <C> or Edit->Copy
D D View Document: With Scrolling Denoted by scrolling a document  with mouse or down arrow
E DS View Document: Without Scrolling Denoted by a document in the browser window but not scrolling

with mouse or down arrow

Appendix A: Research Codes

(Continued)
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Mean St Dev

Overall Reaction to Software NA 0 1 2 3 4 5 6 7 8 9 4.6 0.4
Terrible * Wonderful 5.0 1.3
Difficult Easy 6.5 2.1
Frustrating Satisfying 4.6 2.1
Inadequate Power Adequate Power 4.1 2.4
Dull Stimulating 3.2 1.9
Rigid Flexible 4.1 2.0

Screen NA 0 1 2 3 4 5 6 7 8 9 5.2 0.3
Reading the Assistance Hard Easy 5.2 2.8
Organization of Information Confusing Very Clear 5.0 2.3
Sequence of Presentations Confusing Very Clear 5.5 2.3

Technology and System Information NA 0 1 2 3 4 5 6 7 8 9 6.0 0.4
Use of terms throughout Inconsistent Consistent 6.2 2.1
Terminology Related to Task Never Always 5.4 2.2
Position of Messages on Screen Inconsistent Consistent 7.0 2.0
Prompts for Input Confusing Clear 7.5 1.8
Computer Informs about Progress Never Always 5.4 2.6
Error Messages Unhelpful Helpful 4.5 2.8

Appendix B: Postsearch Questionnaire

Questionnaire for user interface satisfaction based on Chin, Diehl, and Norman (1988). 

Please rate your satisfaction with the assistance and the assistance mechanism of the system. 
• Try to respond to all the items. 
• For items that are not applicable, use: NA
• Add a comment about an item in the space provided. 

F E Execute Query Executing a Query without the use of automated assistance
G F Create Favorites Folder Denoted by Organize Favorite->Create Folder
H GV GoTo in Set of Results List Denoted by clicking on the URL pointing to a particular page in the

results listing
I IA Implement Assistance: AND Denoted by Executing a Query using Assistance
J IF Implement Assistance: Relevance Feedback Denoted by Executing a Query using Assistance
K IO Implement Assistance: OR Denoted by Executing a Query using Assistance
L IP Implement Assistance: PHRASE Denoted by Executing a Query using Assistance
M IQ Implement Assistance: Previous Queries Denoted by Executing a Query using Assistance
N IS Implement Assistance: Spelling Denoted by Executing a Query using Assistance
O IT Implement Assistance: Synonyms Denoted by Executing a Query using Assistance
P M Relevance Action: Email Denoted by File -> Send
Q N New Window Denoted by File -> New -> Window or Control <N>
R NB Navigation: Back Denoted by clicking the Back button
S NF Navigation: Forward Denoted by clicking the Forward button
T NV Next in Set of Results List Denoted by clicking on the URL pointing to a the next page in the

results listing
U CB Close Browser Denoted by closing a browser window
V P Relevance Action: Print Denoted by File -> Print
W PV Previous in Set of Results List Denoted by clicking on the URL pointing to a the previous page in

the results listing
X S Relevance Action: Save Denoted by File -> Save/Save As 
Y SB Switch Browser Window Moved from one browser window to another
Z SD Uses Internet Explorers Find Feature in Document Denoted by executing the Find feature in MS Explorer browser
1 URL Click Results URL Denoted by click on the URL of a document in the results listing
2 V View Results: With Scrolling Denoted by scrolling the results listing with mouse or down arrow
3 VN View Results: but No Results in Window Denoted by results listing appearing, but no results listed
4 VS View Results: Without Scrolling Denoted by a results listing in the browser window but no scrolling

with mouse or down arrow
- NA No action No action in time hack

a The analysis code was used during the automated analysis of the data and is the code used to report results in the article.
b The transcription code was used during the coding of the videotapes.

TABLE A1. (Continued)
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11. Learning NA 0 1 2 3 4 5 6 7 8 9 12. 13.

.0 .3
Learning to Use Assistance Difficult Easy 7.6 1.2
Exploring New Features By Trail and Error Difficult Easy 7.2 1.7
Remembering terms and the use of commands Difficult Easy 7.2 1.7
Performing Tasks is Straight Forward Never Always 7.0 1.6
Help messages on screen Unhelpful Helpful 6.0 2.1

14. System Capabilities NA 0 1 2 3 4 5 6 7 8 9 15. 16.

.9 .1
System Speed Too slow Fast Enough 3.3 2.3
System Reliability Unreliable Reliable 5.2 2.2
Correcting your mistakes Difficult Easy 6.2 2.2
Designed for all levels of users Never Always 5.0 2.4

List Most NEGATIVE Aspect(s):

1.

2.

3.

List the most POSITIVE Aspects

1.

2.

3.

* denotes the average response.


