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We present a user modeling system for personal-
ized interaction and tailored retrieval that (1) 
tracks interactions over time, (2) represents mul-
tiple information needs, both short and long term, 
(3) allows for changes in information needs over 
time, (4) acquires and updates the user model 
automatically, without explicit assistance from the 
user, and (5) accounts for contextual factors such 
as topic familiarity and endurance of need. The 
proposed system contains three major classes of 
models: general behavioral, personal behavioral 
and topical. The general behavioral model de-
scribes how information search and use behavior 
can be used to identify and track information 
needs. The personal behavioral model character-
izes an individual user’s information search and 
use behavior with regard to document preference 
and states of knowledge. Finally, the topical 
model characterizes the user’s information seek-
ing needs. We describe how such a model can be 
used to personalize search interactions and tailor 
system responses to individuals across multiple 
information seeking sessions.  
 

Introduction 
As information becomes increasingly available, users are 

faced with an overabundance of sources in which they 
must choose. Collections are no longer homogeneous sets 
of documents with conventional structure and standard 
vocabulary, but are instead, heterogeneous sets of docu-
ments with varying structure and undifferentiated vocabu-
laries. Not only is information increasingly available, but it 
is also increasingly accessible. As more information is dis-
tributed electronically, a user’s information seeking activi-
ties are no longer bound geographically or temporally. 
Now, more than ever, it is critical for systems to obtain a 
more accurate representation of the user’s information 
needs, document preferences and states of knowledge and 
to maintain these representations over time. 

Most IR systems assume that information seeking episodes 
are discrete and unrelated. Recent work (Lin & Belkin, 
2000; Spink, 1996; Spink, Griesdorf & Bateman, 1999) has 
challenged this assumption and provided evidence that 
information seeking typically occurs across multiple search 
sessions and that information needs often evolve through-
out the process of successive searching. Traditional IR sys-
tems have construed searching to occur within a single 
search session. Search sessions and users are synonymous 
terms; for each search session, the system assumes a new 
user. Because of this, much information about the user and 
the user’s preferences and states of knowledge is lost. 
Some systems may provide the illusion of continuity, such 
as a query history or saved documents lists, but this infor-
mation only acts as a memory aid or navigation feature. 
The system does not use this information to characterize 
the user and the user’s preferences or to aid in the retrieval 
of documents. Each time the user initiates searching, he/she 
must begin anew as far as the IR system is concerned. Even 
though the user’s information seeking activities can occur 
during multiple search sessions across multiple time peri-
ods, the system views these activities as occurring within 
specific instances of time. Essentially, the system knows 
nothing about the user and is unable to determine that the 
user searching currently for information about “The Flea” 
is the same user that searched for information about the 
poetry of John Donne just four days ago. To know even 
this small bit of information would make the difference 
between returning documents about flea control and flea 
markets and returning documents about the poem.  

User Modeling 
User modeling (UM) offers the potential of individuating 

users and tracking the information seeking behavior and 
information needs of the user over time. Generally speak-
ing, a user model is a description of a user, created or se-
lected by the system, that facilitates interaction between the 
two (Allen, 1997). One of the underlying goals of UM is to 
predict user responses, thereby creating more effective, 
efficient and personalized interactions by tailoring system 
responses to individual user preferences. Systems that in-
corporate user models have been traditionally termed “in-
telligent systems” because a representation of the user is 
created by the system and used to reason about the user and 
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the user’s document preferences. The system then uses the 
information to personalize interactions. 

Knowledge Elicitation 
In order to build a model of the user, the modeling func-

tion must somehow obtain information from the user about 
his/her interests and preferences. Human intermediaries are 
quite successful at eliciting knowledge from users about 
information needs and using this information to personalize 
interactions (Belkin, 1984; Belkin, Brooks, & Daniels, 
1987; Daniels, 1987; Ingwersen, 1982; Saracevic, Spink, & 
Wu, 1997; Spink, Goodrum, Robins, & Wu, 1996). Belkin 
(1984) finds that intermediaries elicit information from the 
user in order to characterize the user’s information problem 
and to determine appropriate retrieval strategies. Daniels 
(1987) finds that intermediaries elicit knowledge from us-
ers with respect to goals, knowledge of the topic and task 
and familiarity with IR systems. This body of work also 
suggests that the intermediary dynamically updates much 
of the information that is elicited from users throughout the 
interaction. Saracevic, Spink & Wu (1997) identify shifts 
that occur during the intermediary-user interaction. These 
shifts reflect things such as changes in the user’s states of 
knowledge, specifically with regard to understanding and 
learning, demonstrating that UM techniques for interactive 
IR should be iterative and long term and should model 
things such as the user’s evolving states of knowledge.  

1.1.1 Explicit Techniques 
Knowledge elicitation in interactive IR and information 

filtering (IF) has proven to be a significant challenge. At-
tempts have been made in IR to develop systems that simu-
late the user modeling functions performed by typical hu-
man search intermediaries (Brajnik, Guida & Tasso, 1987; 
Croft & Thompson, 1987; Oddy, 1977; Rich, 1983; 
Vickery & Brooks, 1987). One of the underlying goals of 
UM in IR is to create a representation of the user and use 
this representation to select appropriate retrieval strategies 
and information objects. For instance, Grundy (Rich, 1983) 
employs UM to recommend works of fiction to users; I3R 
(Croft & Thompson, 1987) employs UM to retrieve docu-
ments for users.   

Knowledge elicitation techniques that have been em-
ployed for user modeling in IR and IF have typically re-
quired the user to explicitly participate in the process of 
model construction and maintenance. It is often the case 
that the user is asked to specify keywords or to select and 
mark the relevancy of documents. In other cases, users are 
required to answer a series of questions about their inter-
ests.  Explicit techniques for model acquisition are prob-
lematic because they are cumbersome and labor-intensive 
and they assume that users can articulate or identify ade-
quately their information needs. Requiring the user to iden-
tify keywords that characterize the information need con-
strains the user and the user’s need in a variety of ways. 

When a user approaches an IR or IF system, it may be the 
case that the user is unsure of his/her interests (Belkin, 
2000). In IR systems, users are often unable to clearly ar-
ticulate and describe their information needs (Belkin, Oddy 
& Brooks, 1982). If the user is just beginning to learn 
about a specific topic, the user may lack the vocabulary to 
describe the topic. Indeed, a user’s ability to expand his/her 
vocabulary and knowledge of the topic may be impeded if 
the only documents returned are those that contain words, 
of which the user is already aware. Additionally, the user 
may not be able to provide enough terms to accurately or 
exhaustively cover the scope of his/her information need. 

Most IR and IF systems only accommodate users who 
have a single information need. These systems do not ac-
commodate a single user who has multiple, unrelated 
needs. There is no consideration for how these multiple 
needs might be integrated into a single user model or of 
how the representations of these various different needs 
might affect retrieval. Furthermore, information needs of-
ten change over time. Recent work by Lam & Mostafa 
(2001) and Widyantoro, Ioerger & Yen (2001) has at-
tempted to detect and track changes in the user’s interests 
over time. However, accounting for changes in the user’s 
familiarity and/or learning has remained relatively unex-
plored. The user is assumed to have the same understand-
ing of an information need if he/she searches one time for 
the need or twenty times. While in some cases users can 
manually edit the contents of their user model, it does not 
seem realistic to assume that users will make an effort, or 
even remember to update and maintain their user models 
over time.  

Another problem with IR and IF modeling systems is that 
users are required to read and rate a large number of docu-
ments in order for the user model to be constructed. 
Clearly, it is unrealistic to believe that users have the extra 
time required to read and rate a large number of articles 
everyday. One can imagine that the extra time required to 
rate each article might prevent users from viewing addi-
tional articles of interest. Ultimately, the cognitive burden 
placed on the user by requiring him or her to rate such a 
large number of articles is problematic. The cost of having 
to read and rate a large number of documents is clear to the 
user while the benefit is not. It is clear to the user that 
he/she will have to spend additional time engaged in an 
activity which does not appear to be immediately address-
ing his/her primary needs; it is not clear how this will help. 
Unless the benefit is obvious to users, documents will re-
main unread and un-rated. Without information about user 
preferences, it is difficult for systems to create personalized 
user models. 

1.1.2 Implicit Techniques 
There have been a number of proposals of methods for 

obtaining information about user preference implicitly. 
Implicit techniques unobtrusively obtain data about user 
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preference through the observation of “normal” human 
behavior during information search and use activities. Im-
plicit techniques appear to be attractive candidates for tai-
loring system responses to individual user preference with-
out requiring the user’s explicit participation. Advantages 
to using implicit methods are that they (1) remove the costs 
of having a user read and rate a large number of documents 
and (2) are easy to obtain. Implicit measures are generally 
thought to be less accurate than explicit measure (Nichols, 
1997), but they can be gathered at no cost to the user and in 
large quantities, and can be combined to obtain a more 
accurate representation of user interests. Implicit measures 
can also be used to supplement a smaller number of ex-
plicit ratings. 

Implicit feedback techniques have been primarily inves-
tigated in IF and recommendation systems. Behaviors most 
extensively investigated as sources for implicit feedback 
have been selection, reading, saving and printing. For in-
stance, Morita and Shinoda (1994) found a strong tendency 
for users to spend a greater length of time reading those 
articles rated as interesting, as opposed to those rated as not 
interesting. Others have replicated this finding in similar 
environments (Billsus & Pazzani, 1999; Konstan, Miller, 
Maltz & Herlocker, 1997; Seo & Zhang, 2000). Other be-
haviors that have been explored as sources of implicit feed-
back include scrolling and bookmarking (Billsus, Pazzani 
& Chen, 2000; Kamba, Sakagami, & Koseki, 1997; Lie-
berman, 1995; Mladenic, 1999; Oard & Kim, 1998; Rucker 
& Polanco, 1997). Oard & Kim (2001) & Nichols (1997) 
provide conceptual classifications of potential behavioral 
sources of implicit feedback.  

While implicit techniques offer substantial promise with 
regard to capturing and modeling user preference auto-
matically, they are not without problems. Most of the tech-
niques explored have been a secondary focus of the re-
search in which they are reported. Once the general rela-
tionship is discovered, it is applied to all users without re-
gard to individual behaviors. If the goal of user modeling is 
to tailor system responses to individual user preference, 
then research clearly needs to focus on not only identifying 
valid implicit measures of user preference at the general 
level, but also on determining if and how these general 
relationships hold for individual users. In the interactive IR 
community, it is no secret that different users exhibit dif-
ferent searching behaviors. To discover a valid measure for 
document preference based on groups of users, and then 
apply it to all users, is to do little more than create user 
models based on canonical or stereotypical users.  

One of the most extensively used behaviors for implicit 
modeling, reading time, has been discovered recently to be 
not as valid and reliable a measure as once thought. While 
this measure has been applied in numerous systems (Morita 
& Shinoda, 1994; Konstan, et. al, 1997; Billsus & Pazzani, 
1999, Seo & Zhang, 2000), Kelly & Belkin (2001, 2002) 

find that several factors, such as specific task, topic and 
user characteristics, confound the general finding in com-
plex ways. Even though Kelly & Belkin (2002) were able 
to replicate the findings of Morita & Shinoda (1994) and 
others (Konstan, et. al, 1997) with regard to reading time, a 
closer inspection of the data demonstrated that the signifi-
cant relationship held for less than one-third of the study 
participants and that for three participants, the relationship 
was in the opposite direction from that which was ex-
pected. Kelly & Belkin (2002) were unable to construct a 
time-based rule based on the significant results which 
could predict the relevance of documents within the same 
data set sufficiently and accurately. These results demon-
strate the danger of using a single measure based on the 
behavior of multiple users as evidence for the creation of 
individual user models. The authors suggest that combining 
evidence from multiple measures may be a more valid and 
reliable approach.  

The rate of occurrence of the behaviors may be affected 
by specific contextual factors, such as topic familiarity, 
type of information need, type of task and searching envi-
ronment. As a user learns more about a particular topic, 
his/her information search and use behavior with respect to 
that topic may change. For instance, as a user becomes 
more familiar with a topic, the user may be able to more 
quickly judge the relevance of documents or the user may 
save documents less frequently. Kelly & Cool (2002) have 
found evidence that indicates that as one’s topic familiarity 
increases, one’s reading time for retrieved documents de-
creases. It may be the case that changes in a user’s infor-
mation search and use behaviors reflect changes in the 
user’s state of knowledge about a particular topic.  

The application of implicit techniques to user modeling is 
problematic because it occurs without regard to individual 
differences. It may be the case that certain users exhibit 
only certain behaviors. It may be the case that a combina-
tion of evidence from multiple sources provides one with a 
more accurate model of individual preference. Finally, it 
may be the case that behaviors are only valid for certain 
users if they co-occur with other behaviors. Thus, a signifi-
cant challenge is the development of methods for the appli-
cation and adaptation of general relationships between 
various sources of implicit feedback to individual user 
model construction. If the behavioral model is invalid and 
unreliable at the individual level, then so too will be the 
resulting model of the user’s information needs. 

A User Modeling System for Personalized In-
teraction and Tailored Retrieval 

Given the evidence cited above, we suggest the following 
desiderata for an ideal UM system for interactive IR. A 
UM system for personalized interaction in IR should:  

• Track information needs and interactions over 
time. 
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• Represent multiple information needs, both short 
and long term. 

• Allow for changes in information needs over 
time. 

• Acquire and update the user model automati-
cally, without explicit assistance from the user. 

• Account for differences such as topic familiarity 
and endurance of need. 

Finally, a UM system for personalized interaction in IR 
should do just that, personalize interaction.  

We propose that such a system should contain three ma-
jor classes of models: general behavioral, personal behav-
ioral and topical. The general behavioral model functions 
to describe how information search and use behavior can 
be used to identify and track information needs. The char-
acterizations found in this model are general to all users. 
The personal behavioral model functions to characterize an 
individual user’s information search and use behavior with 
regard to document preference and states of knowledge. 
The characterizations found in this model are specific to 
the individual user. Finally, the topical models function to 
characterize the user’s information seeking needs. Like the 
personal behavior model, these characterizations are spe-
cific to the individual user. Both types of behavioral model 
include some aspects of context, such as topic familiarity 
and endurance of need. The topical model includes a repre-
sentation of the terms and concepts that are associated with 
a particular information need. It is proposed that topical 
models be inferred through characterizations defined by the 
behavioral models that describe the relationship between a 
user’s information seeking behavior and information needs. 
For the purposes of this paper, states of knowledge can be 
thought of as the concepts that a user associates with a par-
ticular topic, how these concepts are related to one another 
and how groups of concepts relate to, or cluster with, other 
groups of concepts. Document preference simply refers to 
a user’s choice for one document over another. It is sur-
mised that this choice reflects states of knowledge, as well 
as the user’s interests in a topic. Figure 1 provides a brief 
outline of how such a system might work.  

The General Behavioral Model 
The General Behavioral Model (GBM) functions to de-

scribe how implicit feedback can be used to identify and 
track a user’s information needs. The GBM contains char-
acterizations of information search and use behavior that 
can be used as starting points upon which to begin the con-
struction of personalized user models. We suggest that the 
behavioral characterizations found in the GBM be acquired 
through a longitudinal study of the information search and 
use behaviors of a large group of users. The relationships 
described by the GBM can function as hypotheses that are 
used by the system to reason about an individual user’s 

behavior and the relationship of this behavior to the user’s 
document preference and states of knowledge during the 
construction and maintenance of personalized user models. 
The GBM can assist in the maintenance of personalized 
user models by offering possible explanations for previ-
ously unseen behavior exhibited by the user, changes in the 
user’s behavior and/or irregular behavior exhibited by the 
user. In order to achieve these goals, the GBM might sug-
gest a range of values for particular behaviors based upon 
the frequency of occurrence and/or co-occurrence of par-
ticular behaviors. The GBM might also achieve these goals 
by generating equations which describe the user’s informa-
tion search and use behaviors.  

 

 General Behavioral Model (GBM) 

Observe User’s Behavior 

Apply GBM to the Creation of Personalized User Models 

Personal 
Behavioral

Model 

Topical
Model 

Interaction 
with 

Information 
Objects 

 
Figure 1. A UM system for personalized interaction 

Personalized Behavioral Models 
The personalized behavioral models are constructed itera-

tively through observation of the user’s behavior and ap-
plication and adaptation of the GBM to a specific user’s 
behavior. When a new user begins searching, the GBM 
provides a mechanism in which to evaluate the user’s be-
havior. The GBM identifies particular relationships and 
suggests possible values for observed behaviors. Again, 
these characterizations are proposed to assist with person-
alized user model construction by suggesting possible ex-
planations for observable behaviors. It is expected that the 
relationships suggested by the GBM between information 
search and use behaviors, document preference and states 
of knowledge will be iteratively modified and adapted at 
the individual level as the system learns more about the 
user through observations that occur across time.  

The personalized behavioral model created by the system 
may be similar to the GBM, or it may be quite different. It 
will most likely be the case that behaviors suggested by the 
GBM are exhibited by different users with different fre-
quencies and regularities. One user may read faster than 
another user. For a certain user, a particular behavior may 
be strongly related to document preference, while for an-
other user the behavior may be unrelated. It may be the 
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case that behaviors are only useful in combination with one 
another or if they co-occur temporally with other behav-
iors.  

One possible way that individual differences can be ac-
counted for is through the association of weights with the 
occurrence of various behaviors. For instance, a set of be-
haviors may be initiated with a weight of 1. As the system 
learns more about the user, the weights associated with 
these individual behaviors can be modified accordingly. If 
the user rarely exhibits a certain behavior, then its weight 
can be progressively downgraded to 0. This approach can 
also be used for behavioral model maintenance. If the fre-
quency of a particular behavior that was once identified as 
a useful source of a user’s document preference decays 
over time, then the weight associated with this behavior 
can be altered. Alternatively, if a previously inhibited be-
havior begins to be exhibited by the user with some regu-
larity, then the weight associated with this behavior can be 
altered as well. 

Two hypothetical personalized behavioral models for 
User A and User B are displayed in Figure 2. For User A, 
query history, document viewing, bookmarking, bookmark 
structure and saving are all behaviors that have been identi-
fied as valid sources of implicit feedback for document 
preference and states of knowledge. These are all behaviors 
that User A exhibits with some regularity. For User B, the 
valid sources of implicit feedback for document preference 
and states of knowledge are a bit different. User B does not 
organize his/her bookmarks; thus, bookmark structure is 
not a valid source of evidence for document preference and 
states of knowledge. Note for User B, document viewing 
and bookmarking are only valid sources of evidence if they 
co-occur. If these behaviors do not co-occur, then they 
become only weak evidence from which to infer User B’s 
document preference and states of knowledge. Figure 2 
illustrates how personalized behavioral models might differ 
from user to user.  

 

 B1: Query History  B4: Bookmarking 
B2: Reading Time  B5: Bookmark Structure 
B3:Document Viewing B6: Saving 

User A 

B1

User B 

B3 B4

B5 B6

B1

B4

B2 B3

 
Figure 2. Hypothetical personalized behavioral models 

Accounting for Contextual Factors 
It is important for the GBM to identify and account for 

contextual factors, such as topic familiarity and endurance 
of need, and to describe how this affects the information 
search and use behaviors that the user exhibits. Some be-
haviors may only be exhibited by a user in certain search-
ing environments or with certain types of tasks or topics. 
We are primarily concerned with two dimensions of infor-
mation needs, level of familiarity and endurance of need. 
Level of familiarity reflects the user’s knowledge of a 
topic. Level of familiarity might be measured according to 
amount of time spent searching for a particular topic. En-
durance of need reflects that length of time that a user will 
be engaged with an information need. Most information 
needs have some temporal constraint associated with them. 
Some information needs may be confined to a particular 
time period and may have a specific, fixed date of termina-
tion. Other information needs may persist over time, with 
no clear boundary of use or date of termination. Endurance 
of need might be measured according to frequency of 
search for a particular topic. The relationship between be-
havioral models and these two dimensions of information 
needs is displayed in Figure 3.  

 High Endurance 

Low Endurance 

Unfamiliar Familiar

B1

B3 B4

B2

B1

B3 B6

B1

B5

B4

B6

B5
B4 B3

B2B1

Figure 3. Relationship between behavioral models, level of 
familiarity and endurance of information need 

The GBM functions to suggest possible methods for deal-
ing with behavioral variations that individual users exhibit 
through the provision of alternative ranges of values for 
behaviors according to level of familiarity and endurance 
of information need. One can imagine different values for 
various behaviors based upon these two dimensions. For 
instance, it is likely that collections searched is a useful 
source of implicit feedback of user preference for an in-
formation need with high endurance; it is unlikely to be a 
useful source of user preference for an information need 
with low endurance. Of course, some low endurance needs 
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may eventually turn into high endurance needs and the 
behavioral model may adapt accordingly. When a user ini-
tiates a search with a query that the system is unable to 
recognize and classify as high endurance need, the system 
can initialize the values that characterize low endurance 
needs that are given by the GBM. As the system learns 
more about the user and how the user behaves with low 
endurance needs, a personalized behavior model for low 
endurance needs for that particular user can evolve. If the 
user continues to search for this need over time, then it may 
be the case that this user’s information search and use be-
haviors will begin to more closely resemble the type of 
behaviors that are exhibited by the user during information 
seeking of high endurance need. Consequently, the behav-
ioral model that represents the information seeking behav-
ior that is associated with high endurance needs for that 
particular user can be instantiated as the user’s behavior 
changes over time.  

Degree of familiarity with the topic can also affect the 
types of information search and use behaviors exhibited by 
the user.  For instance, the relationships described by the 
GBM model might differ depending upon level of familiar-
ity with a topic. Consider the relationship between reading 
time of relevant and non-relevant documents and topic fa-
miliarity. If a topic is new to the user, then it is likely that 
the user is unsure of the characteristics that distinguish 
relevant from non-relevant documents. When this occurs, 
reading time for relevant and non-relevant documents may 
be similar. Conversely, if the user is familiar with the topic, 
then it is likely that the user is better able to distinguish 
between relevant and non-relevant documents. When this 
occurs, reading time for relevant and non-relevant docu-
ments may be different. In this situation, reading time is 
useful, but in two very different ways. The GBM can ac-
count for variations in behaviors due to topic familiarity by 
suggesting a range of values based on degree of familiarity.   

Table 1 displays an example of the range of values that 
the GBM might contain for reading time of relevant and 
non-relevant documents according to familiarity. Topic 
familiarity might be defined as a function of time; the 
longer amount of time that a user engages in information 
search and use behaviors about a given topic, the more 
familiar the topic becomes. The example in Table 1 identi-
fies three degrees of familiarity based on observations 
made during the construction of the GBM, high familiarity 
(3); medium familiarity (2); and low familiarity (1). The 
identification of these levels is based upon the observation 
of three distinct relationships between reading time for 
relevant and non-relevant documents. It is important to 
note that Table 1 functions only as an example of how the 
GBM might derive a range of values for topic familiarity 
based on observed behavior; it is unclear if three levels of 
familiarity would emerge and/or if this range of values is 
even valid. Continuing with the example, Table 1 illus-

trates how reading time varies for relevant and non-
relevant documents with respect to familiarity; as the user 
becomes more familiar with the topic, reading time for both 
types of documents decreases.  

Table 1. Range of possible values for reading time and 
level of topic familiarity 

Level of Familiarity Relevant Not Relevant 
3 (high) 12 seconds 5 seconds 

2 (medium) 17 seconds 14 seconds 
1 (low) 20 seconds 25 seconds 

 
The range of values suggested by the GBM for reading 

time can be used during the initial construction of the per-
sonalized behavioral models. Figure 4 demonstrates how 
this might occur using reading time as implicit feedback. In 
this example, User A initiates searching by entering a 
query. For our purposes, we will assume that User A is a 
recognized user of the system and the system contains a 
personalized user model for User A. The query that is is-
sued by User A is unrecognized by the system. That is, the 
query cannot be matched to any of the pre-existing topic 
models that the system holds of the user. Thus, the system 
assumes that the information need that is represented by 
this query has low endurance and/or that the user’s famili-
arity with the topic is low.  

 

 User A 

Enter Query (Q) 

Match Q with Topical Model?

Define/Redefine Model(s)

Observe Behavior 

Initialize Behavioral 
Model for Low 

Endurance Needs and 
Unfamiliar Needs 

 
Initialize Behavioral 

Model Associated with 
Need 

Yes No 

 Figure 4. Personalization of interaction 
Let us assume that a personalized behavioral model char-

acterizing User A’s behavior for unfamiliar topics has not 
been created during past interactions, but that a behavioral 
model characterizing User A’s behavior for low endurance 
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needs has been developed through past interactions. Table 
2 displays User A’s behavioral model for low endurance 
needs, as well as some other models of reading time that 
the system might have for User A. During the initial inter-
actions, the system’s observations and interpretations of the 
user’s information search and use behavior is biased by 
User A’s behavior model for low endurance needs and by 
the GBM’s values for unfamiliar topics. At this point in the 
search session, it is unclear which model should be initial-
ized. Now, suppose that the system discovers through ob-
serving the user’s behavior that the user spends 11 seconds 
reading those documents that he/she identifies as relevant 
and 9 seconds reading those documents that he/she does 
not identify as relevant. In this example, the observed be-
havior most closely resembles that characterized by the 
User A’s personalized behavioral model for low endurance 
needs.  

Table 2. Models of reading time (RT) in seconds, of rele-
vant (R) and non-relevant (NR) documents for User A. 

Low Endurance 
Needs 

High Endurance 
Needs 

High Familiarity 

 R NR  R NR  R NR 
RT 11 9 RT 20 12 RT 13 5 
 

Other examples of possible observed reading times for 
User A and the models that they activate are displayed in 
Table 3. This table is used in conjunction with Table 1 and 
Figure 4. Observing reading times of 11 seconds for rele-
vant documents and 9 seconds for non-relevant documents 
would be matched to User A’s preexisting behavioral 
model for low endurance needs, while observing reading 
times of 20 seconds for relevant documents and 25 seconds 
for non-relevant documents would not be matched to any 
pre-existing personalized behavioral model but would be 
matched to the low familiarity model found in the GBM. 
Since User A does not have a previously defined behav-
ioral model for low familiarity, observing reading times of 
20 and 25 seconds would initiate the construction of this 
model based on the values found in the GBM. 

Table 3. Examples of reading time (RT) in seconds, ob-
servations and initiated action (BM: Behavioral Model). 

RT Observations 

R NR 

Matches 
BM? 

Matches 
GBM? 

Action 

YES 
11 9 No 

- Initialize Low 
Endurance 

Model 

YES 
13 5 No 

- Initialize High 
Familiarity 

Model 

20 22 Yes YES Define Low 

NO No Familiarity 
Model 

Topical Models 
The next section of this paper is concerned with the de-

velopment of topical models. As mentioned earlier, person-
alized user models will consist of two classes of models: 
behavioral and topical. Topical models are the primary 
mechanism for tailoring retrieval. Topical models represent 
the user’s information needs as collections of concepts. 
Topical models can be thought of as an associative network 
of concepts; relationships between concepts are represented 
through connections. Concepts are represented by clusters 
of terms that have been selected through the observation 
and monitoring of the user’s information search and use 
behavior. For instance, terms might be extracted from the 
user’s query. Terms might also be extracted from docu-
ments that the user has identified as useful in some way, 
such as when the user saves or prints a document. Behav-
ioral models specify when and how topical information can 
be implicitly gathered from an individual’s information 
search and use behavior. Thus, topical models are inferred 
based on the user’s information search and use behavior. 
Personalized behavioral models provide methods for mak-
ing these inferences.  

Topical models can be initialized when a user initiates an 
information-seeking episode. When the user enters query 
terms that are associated with concepts found within a par-
ticular topical model, the topical model is initialized. Since 
the development of the topical models is based upon the 
user’s past information search and use behaviors, topical 
models are associated with one or more behavioral models. 
Consequently, when a topical model is initialized, so too 
are one or more behavioral models. These behavioral mod-
els, in turn, will guide the system’s observations and inter-
pretations of the search behavior that the user exhibits dur-
ing this particular information-seeking episode. For in-
stance, consider a user who enters a query that is matched 
to Topical Model 5 (TM5). If TM5 exists, then it has some 
history of information seeking interactions associated with 
it. In other words, previous information search and use 
behavior has been associated with this model. Figure 6 is 
an extension of Figure 3. Figure 6 depicts the relationship 
between behavioral models, topical models, endurance of 
need and level of familiarity. In this illustration, TM5 is 
associated with a low endurance need, with which the user 
has a great deal of familiarity.  

The relationship between behavioral and topical models 
is somewhat circuitous. The creation of topical models 
grows out of the observation of a user’s information search 
and use behavior. Once topical models have been identified 
and associated with particular behavioral models, the new 
behaviors exhibited by the user while engaged in activities 
associated with a particular topical model can be used to 
iteratively refine and update the associated behavioral 
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model. Just as behavioral models are iteratively refined and 
updated over time, so too are topical models.  

 High Endurance 

Low Endurance 

Unfamiliar Familiar

TM1 TM2 

BM 

BM BM 

BM 

TM4 
TM5 TM6 

TM3 

Figure 6. Relationship between personalized behavioral 
models (BM) and topical models (TM) 

Topical models can be initialized and updated retroac-
tively. Consider a user who enters a query that cannot be 
matched to a pre-existing topical model, but later performs 
some other activity that ties the interaction to a pre-existing 
topical model. For instance, the user might save a docu-
ment in a folder that is associated with a topic model. In 
this case, the system recognizes at a later point during the 
search session that the user’s information search and use 
activities are associated with a pre-existing topical model. 
The system can retroactively incorporate what it has 
learned about the user during the current search session 
into the appropriate topical model.  

Over time, topical models may be refined, diminished or 
stabilized. The user’s information search and use behaviors 
provide information on which to maintain and update topi-
cal models. If the frequency of use of a topical model for a 
user’s information need diminishes, then the weight of that 
model as a retrieval aid diminishes. As the user’s familiar-
ity with a topic increases, as reflected in his/her informa-
tion search and use behavior, so too will the types of in-
formation contained in the topical model.  

Topical models can provide the system with a means of 
tracking previous information search and use activities and 
interactions with information objects. Accordingly, topical 
models should be informed by search histories of the user’s 
previous information seeking episodes, as well as the par-
ticular query terms and documents that the user inputs and 
selects. Thus, topical models can be used by the system to 
understand something about what the user has learned 
through interacting with information objects across time. 
The user does not have to explicitly establish a context 

each time a search is initiated. Instead, topical models can 
function to establish a shared understanding between the 
system and user about what the user knows about a topic. 
Topical models attempt to capture the user’s tacit knowl-
edge about a topic through tracking and classifying the 
user’s information search and use behaviors.  

Topical models represent what the user “knows” about a 
topic. Because topical models are created over time, across 
multiple information seeking episodes, it is possible for the 
topical model to provide the system with a context in 
which to interpret the user’s activities. Topical models can 
function to provide the system with a unique context of use 
for each user, by capturing the user’s changing states of 
knowledge about a topic. Through the provision of unique 
language models for each user, topical models can be used 
to disambiguate term usage and select appropriate docu-
ments for retrieval. Finally, topical models can provide the 
system with evidence in which to customize the search 
interface based upon previous search interactions.  

Conclusions 
While UM offers the potential of personalized interaction 

and tailored retrieval, UM systems typically only consider 
a single, static information need of the user. UM systems 
do not acknowledge or account for changes in the user’s 
states of knowledge. Furthermore, techniques for knowl-
edge elicitation are cumbersome, intrusive, imprecise and 
incomplete. It is not enough to simply assemble a list of 
keywords that describe a user’s interests. Instead, a UM 
system should track the cognitive progression of the user 
across search sessions in an attempt to understand how 
these search sessions are related, how term usage and needs 
vary and change over time and how the user’s activities 
reflect an evolving state of knowledge.  

If information search and use behaviors are to be used as 
implicit sources of information about the user, then these 
behaviors should be combined to form personalized behav-
ioral models that model an individual’s behavior and not 
the behaviors of a canonical group of users. We know from 
years of information seeking behavior research that people 
exhibit different searching behavior and that behavior is 
affected by a multitude of factors. Thus, we need a UM 
system that is personal both with respect to user behaviors 
and information needs. We should not build a UM system 
that relies on stereotypical user behavior any more than we 
should build a UM system that relies on stereotyping user’s 
interests. If the goal is to provide personal interactions and 
tailored retrieval through implicit modeling techniques, 
then we need to create a UM system that considers both an 
individual’s information seeking behaviors and information 
needs. 

We have presented a framework for constructing user 
models for IR systems, based on observations of the user’s 
behaviors over time. This framework has the potential ad-
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vantage over other methods that have been used for user 
modeling in IR systems in that it depends upon implicit 
information, rather than on direct elicitation of information 
from the user. It also has the potential advantage of provid-
ing a means for developing and, more importantly, using 
long-term user models in a consistent way, which could 
personalize the IR interaction for each time each user en-
gages in information seeking. 

At the moment, this framework is only a proposal, which 
needs to be empirically investigated. Such investigation is 
currently under way, as a part of the MONGREL project 
being conducted jointly by Rutgers University and the Uni-
versity of Massachusetts, Amherst (MONGREL). We have 
initiated a longitudinal, naturalistic study of the informa-
tion search and use behaviors of several users and will ini-
tiate a second study with additional users in the future. We 
hope that the results from these studies will indicate the 
effectiveness of our model for personalizing interaction 
and tailoring retrieval in interactive IR. 
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