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Abstract This paper reports our evaluation of the ac-

curacy of capturing a user’s intent in an information-

seeking task. Specifically, we would like to assess how

accurately a user’s short-term goals, methods, and con-

text in an information seeking task have been captured.

Our method is to compare a machine-generated model

against a human-generated model with 5 users using

the CACM collection. Our results demonstrate a good

coverage of human-generated user models by machine-

generated models in terms of short-term goals, methods

and context. The similarity between a real user and our

approach in terms of context agrees with the similarities

of human -generated ontologies using the same metrics

in existing studies from the ontology community. Fur-

thermore, our results show that the similarities between

a human and machine in terms of short term goals and

methods, which affect the relevancy assessment process,

agree with the overlap among people while assessing rel-

evancy documents in the existing study from the infor-

mation retrieval community.

Keywords: User Model for Information Retrieval,

Evaluation of User Models

1 Introduction

Empirical evaluations of systems using user models
are useful to both the user modeling (UM) commu-
nity and the researchers in the area of the target ap-
plication. Using the results of such an evaluation,
researchers and designers can verify whether their
user models are working in the ways they expected.
The important goals for the researchers conducting
such empirical evaluations are to answer these two
questions: (1) Does a user model capture and infer
a user’s cognitive states accurately? (2) Does a user
model improve a user’s performance significantly?

The first question focuses on the inputs or inter-
nal states of a user model while the second question

places an emphasis on the outputs or external im-
pacts of a user model on the target application. In
this paper, a user’s cognitive states are used to re-
fer to a user’s state of mind related to the task at
hand (e.g. the topics that a user is focusing on read-
ing). Most of the empirical evaluations so far have
emphasized answering the second question, (for ex-
ample: [3, 6, 4]). Even though, the problem of as-
sessing the accuracy of capturing a user’s cognitive
states is considered as one of the major issues in the
UM community since the early 90’s [21, 2, 14, 24],
there are very few studies that include the assess-
ment of the internal accuracy of a user model. This
is unfortunate because without an evaluation of the
accuracy of a user model, we cannot convincingly
justify the impacts that the user model has on the
target application.

In this paper, we report our experiment to eval-
uate the accuracy of our user model which captures
and infer a user’s intent in an information seeking
task. This is a challenging problem because of the
following reasons. First, a user’s intent primarily
resides in the mind of the user and thus difficult
to observe. Furthermore, even when the user is
willing to share his intent, it is often a challenge
for him to accurately describe. Second, there are
also significant differences in terms of representa-
tion and granularity between a machine-generated
model (computational model), especially by using
artificial intelligence techniques, and a user’s cogni-
tive states [20]. Therefore, it is hard to find an ap-
propriate representation scheme as well as metrics
for measuring the similiarity between a machine-
generated model and a human-generated model.
Moreover, even people do not always agree with
each other in terms of context and cognitive styles
in general [5, 10]. Therefore, in such an evaluation,
a machine model is considered to capture accu-
rately a human model if the overlap between these
two models is appropriate (i.e. comparable with



the overlap among people on the same aspect).

In our approach, we capture a user’s intent in an
information seeking task by finding the commonal-
ity of the retrieved relevant documents and use this
information to modify a user’s query proactively
[17, 12]. In this paper, we assess the accuracy of
the process of capturing and inferring a user’s in-
tent by determining to what extent a model cre-
ated by a human is covered by a model created
by using our approach. This experiment helps us
to justify our earlier results on the impacts of our
user model [13, 18]. We partition a user’s intent
into three formative components which are Inter-
est, Preferences, and Context. Therefore, we com-
pare these three sets indicated by a user (human-
generated user model) against the sets automati-
cally generated by the system (machine-generated
user model). We measure the similarity between
the machine-generated Context and the human-
generated Context using the similarity measures
from the ontology community [10]. We hypoth-
esize that the human-generated user model will
be appropriately covered by the machine-generated
user model. In the long run, we expect that the
machine-generated user model will fully cover the
human-generated user model as the user keeps us-
ing the system.

Our results have shown a good coverage in terms
of Interest, Preference and Context, which repre-
sents the agreements between a real user and our
approach in terms of short-term goals, methods,
and contexts used in an information seeking task.
Moreover, the similarity of the lexical parts of the
machine-generated and human generated Context
agrees with the similarity of the lexical parts be-
tween two humans using the same metrics in the an-
other study [10]. The lexical parts refer to the con-
cepts generated by either a real user or by our ap-
proach while constructing the corresponding Con-
text. Furthermore, our results show that the simi-
larities between a human and machine in terms of
short term goals and methods, which affect the rel-
evancy assessment process, agree with the overlap
among people while assessing relevancy documents
in the existing study from the information retrieval
(IR) community. The significance of these results is
two fold. First, the models being compared in our
experiment are more fine-grained granularity than
the ones in the existing studies. Second, our results
agree with the similarities of the existing studies
among human with regards to cognitive searching
styles and ontologies. This paper is organized as
follows: We start by reviewing some related work
on evaluating the accuracy of a user model. Next,

we briefly present the architecture of our approach.
The experimental setup, procedures, metrices, and
results will be discussed. Lastly, we conclude by
the future work.

2 Related Work

Although the problem of assessing the accuracy of
a user model’s inference mechanism based on in-
formation about a user has been considered im-
portant since the early 90s [21], very little atten-
tion has been paid to this until the last few years
when the layer evaluation approach was proposed
[2, 14, 24]. In the layer evaluation approach, the
four main evaluation steps are evaluating of a user
model’s inputs, inference mechanism, adaptation
decisions, and the changes in a user’s behaviors
and a machine’s behaviors when a system adapts.
Some studies have applied this framework, such as
the evaluation of HTML-Tutor - an online adap-
tive course [24], and the assessment of a web-based
application using ACT theory [7]. In these eval-
uations, the correctness of a user model’s inter-
nal states or the inference mechanism has been as-
sessed.

There are two main methods to evaluate the ac-
curacy of the internal states and inference mecha-
nism of a user model. In the first method, a user’s
data is divided into two sets. One set is used as
the training set and the other is used as the test
set. The user model will be trained with the train-
ing data. We determine how much the data from
the test set has been correctly inferred by the user
model. Examples of this method can be found in
[11, 1].

In the second approach, a user is asked explic-
itly to construct his/her user model and that user
model will be compared with the machine gener-
ated user model using the same interactions from
the user. Examples of this method can be found in
[22, 23]. In this paper, we apply the second method
to evaluate the internal states and inference mech-
anism of a user model for IR. We assess how our
model keeps track with a user’s cognitive states in
an information seeking task and collect data for fur-
ther evaluation. The novelty in our experiment lies
with the finer-grain granularity in the structure of
a user model being constructed by a real user and
by our system. In addition to evaluating the sim-
ilarity between the topics that a user is currently
interested in and the topics generated by our ap-
proach (lexical level), we push our efforts further to
evaluate the similarity of the relationships between



these topics (syntactic level). To the best of our
knowledge, this has not been done before for any
user model embedded in an IR application.

3 IPC User Model

We capture a user’s intent by finding the com-
monality of the content of the retrieved relevant
documents and use this information to modify the
user’s query proactively. We partition a user’s in-
tent into three formative components: Context, In-
terests and Preferences. The Context provides in-
sight into the user’s knowledge and represents the
connections between a user’s goals for easy explana-
tion. It is captured in Context network (C). C con-
sists of concept nodes and relation nodes. A con-
cept node is a noun phrase. We capture two types
of relation nodes: set-subset (denoted as “isa”)
and related to (denoted as “related to”). C is cre-
ated dynamically by finding the set of common sub-
graphs in the intersection of the retrieved relevant
documents. The concepts and relations with bold
outlines are the nodes from the intersections of the
retrieved relevant documents.

The Interests capture the focus and direction of
the individual’s attention and is stored in the in-
terest set (I). Each element of I consists of interest
concept (a) and interest level (L(a)). An interest
concept represents the concept that a user is cur-
rently focusing on while an interest level is any real
number from 0 to 1 representing how much empha-
sis he places on this particular concept. I is initially
determined from the current query, and the set of
common subgraph.

Lastly, the Preferences describe the actions
needed to perform the proactive query modifica-
tions to better meet the user’s goals/interests. We
capture Preferences in a Bayesian network [8] which
consists of three kinds of nodes: pre-condition,
goals, and action nodes. Precondition nodes rep-
resent the requirements to achieve the goal nodes.
Goal nodes represent the tools that are used to
modify a user’s query. We currently have the two
tools: filter which narrows down a query seman-
tically and expander which broadens up a query.
Figure 1 shows an example of I, P, and C. The
shaded nodes represent the current pre-condition
nodes set as evidence. We perform belief updating
to find the tool with the highest marginal probabil-
ity. The system uses the information from the user
model to modify a query by making the concepts
of the original query more specific or more general.
For more detail, please see [17, 12].
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Figure 1: (a) Context network (b) Interest set (c)
Preference network

4 Experimental setup

In this experiment, the sets of Interest, Prefer-
ences, and Context indicated by a real user (human-
generated user model) are compared with the sets
of Interest, Preferences, and Context automatically
generated by the system (machine-generated user
model). The model generated by a user is explic-
itly described in an intermediate questionnaire and
the model generated by our approach is kept in the
files that contain the user model.

4.1 Procedure

Five graduate students in Computer Science and
Engineering at the University of Connecticut par-
ticipated in the experiment. Our goal is to as-
sess the accuracy of the internal state of our user
model. Each participant performs a search with
the same set of ten questions extracted from the
CACM collection. The CACM collection contains
3204 documents and 64 queries in the computer sci-
ence domain [15]. The CACM collection is chosen
because it matches the background of these five par-
ticipants. The total of 10 queries has been found
to be a reasonable number of queries in the evalu-
ation of our user model’s external impacts [18]. By
fixing the queries, we avoid introducing more vari-
ables into our experiment such as error in natural
language processing. It allows us to focus on our
main objective of this experiment. The procedure
goes as follows:

Step 1: Each participant is required to fill out
an entry questionnaire which contains five ques-
tions: two questions concerning the user’s exper-
tise on using search engines and using IR applica-
tions with relevance feedback; two questions con-
cerning the user’s expertise on the testing domains



which are optimization and distributed comput-
ing; and one question about the user’s searching
style. Each participant rates his/her expertise on
a 7 point Likert scale with 1 being the most expe-
rience and 7 being the least experience. Each par-
ticipant also chooses among 3 options to describe
his/her searching styles: global focus (approach-
ing a searching topic from general concepts to spe-
cific concepts), local focus (approaching a searching
topic from specific concepts to more general ones),
or random(using both global or local focuses de-
pending on the searching topics).

Step 2: Each participant is given a list of 10
queries. The first five queries are about “dis-
tributed computing” while the last five queries are
about “optimization”.

Step 3: Starting with the first query on the query
list, each participant runs the program. The pro-
gram returns a list of the documents whose simi-
larity to the current query is non-zero.

Step 4: By reading the first 15 returned doc-
uments, each participant assessed each document
to see if it is relevant to the current query. Then
each participant is required to construct and list
his/her interests, preferences and context on a pa-
per. For example: the user (shown in Figure 2)
listed his interests as: “distributed computer net-
work”, and “distributed computing”; his preferences
as filter (which is used to narrow down a query);
and one relation in his context as “topology infor-
mation - related to - distributed computer network”.

Step 5: After marking all the checkboxes next
to the retrieved relevant documents, each partici-
pant is asked to press Put Feedback button to
put his/her feedback to the system. Then he/she
runs the query again. This time, the user’s query
will be modified by the user model constructed from
the user’s feedback.

Step 6: After the search is finished, the current
user model is backed up.

Step 7: Each participant is asked to go back to
step 3 and run the next query on the list.

4.2 Metrics

Denote I1, P1, and C1 as Interests, Preferences and
Context generated by a human and I2, P2, and C2

as Interests, Preferences and Context generated by
the machine. I1 and I2 are two sets in which each
element contains an interest concept. The similar-
ity that determines to what extent I1 is covered by
I2 after running each query is defined as :

sim(I1, I2) =
(|I1 ∩ I2|)

|I1|
(1)

Interaction sheet 
 

Query 
index 

Query text 

23 distributed computing structures and algorithms  

     
After reading the content of the relevant document found in the first 15 documents,  
please determine your: 
 
 
Interest: (concepts that best describe your focus on this query) 
 
distributed computer network 
distributed computing 
 
 
Preferences: (methods that you would like to perform to get better results) (put √ next to 
your choice) 
 
 √√√√ Filter      Expander 
    
 
Context: (relations that best describe your focus on this query) 
topology information|related_to|distributed computer network| 
distributed computer network|isa|network| 

Figure 2: A sample of a user’s note taken during
the experiment

where |I1 ∩ I2| is the number of common interest
concepts shared by both I1 and I2, |I1| is the num-
ber of interest concepts generated by a user. We
compute the similarity between interest concepts
generated by machine and generated by a user us-
ing two methods: exact match and flexible match.
We removed stop words and applied Porter stem-
ing algorithm for human and machine generated
interests. In exact match, two interest concepts are
considered matched with each other if and only if
they are spelled exactly the same. In flexible match,
each Interest set is converted into a vector in which
each element is one single word. We compute the
similarity by applying equation (1) for these two
vectors. These two types of matches are needed
because a user’s interests can be represented in a
number of ways but a user may only list one way
while participating in this experiment. By convert-
ing each Interest set into a vector of single words,
we relax the syntactic constraints while still rein-
forcing the lexical constraints. The similarity of
Interest sets between a user and a system over n
queries is computed by taking the average of all
values of sim(I1, I2).

A user’s Preferences is represented in a Bayesian
Network with a basic function to elicit a user’s pref-
erences over a set of methods being used to modify
a user’s query. In this experiment, human gener-
ated Preferences (P1) is directly elicited by asking
the user to choose which method he/she would use
to modify a query. Therefore, P1 is a set with a
single element representing a method that a user
would use to modify a query. To make it compa-
rable, P2 represents one method with the highest
probability (top 1) determined by the model. The
similarity between these two sets after each query



is defined as:

sim(P1, P2) = |P1 ∩ P2| (2)

where |P1 ∩ P2| is equal to either 0 or 1.
The similarity of Preferences generated by a

user and Preferences generated by a system over n
queries is computed by taking average of all values
of sim(P1, P2).

For the similarity measure between two Con-
texts, we borrow the lexical and taxonomy mea-
sures from the Ontology learning and Semantic
Web communities as presented in [9, 10]. The sets
of concepts (lexical parts) in C1 and C2 are L1, L2,
respectively. The lexical parts refer to the concepts
generated by either a real user or by our approach
while constructing the corresponding Context. An
example of L1 from the human-generated Context
network shown in Figure 3 would be “topology
information”,“distributed computer network”, and
“network”.

The average string matching algorithm is used
to determine the extent to which L1 is covered by

SM(L1, L2) =
1

|L1|

∑

Li∈L1

max
Lj∈L2

SM(Li, Lj) (3)

In which

SM(Li, Lj) = max

(

0,
min(|Li|, |Lj |) − ed(Li, Lj)

min(|Li|, |Lj|)

)

(4)
where |Li| is the length of a string Li, and
ed(Li, Lj) is the edit distance which measures the
minimum number of insertions, deletions and sub-
stitutions required to transform one string to an-
other using dynamic programming.

The measure to compare two relation structures
of two Contexts C1 and C2 is given by:

TO(C1, C2) =
1

|LC
1
|

∑

L∈LC
1

TO(L, C1, C2) (5)

where TO(L,C1,C2) is the overlapping measure be-
tween two relation structures of C1 and C2 and is
computed as follows:

TO(L, C1, C2) =
{

TO′(L, C1, C2) if L ∈ LC
2

TO′′(L, C1, C2) if L 6∈ LC
2

where TO′(L, C1, C2) is the ratio between the
number of concept nodes in the intersections of the
two Context and the number of concept nodes in
the union; and, TO′′(L, C1, C2) is the maximum
overlap given a fictive membership of a node in
C1 to C2 (please see [9, 10] for more details about

these similarities). Note that we apply this similar-
ity measure for all the nodes involving both “isa”
and “related to” relationships.

Similarly to Interest and Preferences, the simi-
larity of Context generated by a user and Context
generated by a system over n queries in terms of
lexical and relation is computed by taking average
of all values of SM(L1, L2), and TO(C1, C2), re-
spectively.

5 Results and Discussion

We compile the entry questionnaires for all five
users. The average number shows that all users
are skillful in using search engines (average=1.8)
but did not have much experience with IR applica-
tions using relevance feedback (average=4.0). All
five users are relatively familiar with the search do-
mains (average=3.4 for distributed computing and
average=3.2 for optimization domains). All five
participants indicated that when they search for in-
formation, they start with specific concepts relating
to the search topic.

User P I LC RC

1 20% 7.77% (48.70%) 25.97% 3.19%
2 80% 17.96% (50.5%) 20.16% 2.44%
3 90% 33.3% (66.67%) 27.62% 9.06%
4 50% 45.8% (72.5%) 41.87% 15.22%
5 40% 19.7% (38.54%) 35.40% 10.22%

Avg. 56% 24.89% (55.38%) 30.2% 8.02%

Table 1: Results for 5 participants in the experi-
ment

The results of this experiment are reported in
Table 1. Note that in this table, P stands for Pref-
erences, I stands for Interest, LC stands for lexical
part of the Context, and RC stands for relation part
of the Context.

The similarities of human-machine Interests
(flexible match - 55.38%) and human-machine Pref-
erence (56%) represent the agreements between a
real user and our approach in terms of short-term
goals and methods used in an information seek-
ing task. A user’s Preferences and Interests re-
flect his/her cognitive searching styles which have
been found to influence the judgments of document
relevance [5]. The similarities between a human
generated user model and machine generated user



model in terms of Preferences and Interests fall into
the range of the agreement among people in terms
of relevancy assessment for a document(which is
40% to 75%, as reported in [19]). The similar-
ity of human-machine Interest using exact match
is 24.89% because: First, the interest concept de-
scribed by a user may not be necessarily from the
set of the retrieved relevant documents but from the
user’s previous domain knowledge (which has been
confirmed by our informal exit interviews with all
participants) while the ones generated by our ap-
proach created from the retrieved relevant docu-
ments.

Second, depending on a user’s expertise, the
user’s descriptions of his/her interests may con-
tain either non-technical terms or technical terms.
Therefore, some concepts are captured in our model
which are very close to what a user describes but are
not exactly the same. For example: “Less space” is
an interest concept generated by a user and “space
efficiency” is an interest concept generated by the
system. Another example is “concurrent program”
is generated by a user and “concurrent process” is
generated by the system. The similarity in both
exact match and flexible match however only mea-
sures how similar two sets of Interests are at the
syntactic and lexical levels. A quick computation
using a subjective semantic similarity is done, in
which if two Interest concepts are topically sim-
ilar, they are considered a match. For example:
“less space” is considered as a match for “space effi-
ciency”. The average similarity then is 64.9%. Our
user model contains the words that have the same
meaning with what a user is looking for. Therefore,
when a query is modified proactively using our user
model, it helps retrieve more relevant documents to
each user.

The similarity of lexical is very similar to the re-
sults using the same metrics to compare two users’
ontology structures described in [10]. The aver-
age lexical similarity for 4 users in the experiment
done in [10] is 36% (ours is 30.2%). The low re-
sults for relation structure deserves more study on
how to relax lexical and syntactic constraints for
computing the similarity measure of two relation
structures. The metrics used in this experiment
measure the similarity at the lexical and syntactic
levels. They can be considered as an exact match
for Context because they only consider the direct
neighborhood (grandparents and grandchildren of
a concept node). Users are very good at connect-
ing two concepts which may be remotely related
with each other. Therefore, even though two con-
cepts are included in our Context, but if they are

not directly connected, they are not counted as a
match.

6 Conclusions

To recap, our method is to determine to what ex-
tent a user’s model explicitly generated by a user is
covered by our approach. Our results confirm our
first hypothesis that at the lexical and syntactic
levels, the human generated Interests, Preferences
and Context are appropriately overlapped with the
machine generated Interests, Preferences and Con-
text. The degree of overlapping also agrees with
the previous studies of agreement among people in
terms of ontology and relevancy assessment.

There are several problems that we continue to
focus on from the results of this work. First, the
semantic similarity measures which provide flexi-
ble yet informative information about how similar
two sets of Interests, or two Contexts are, need fur-
ther investigation. Second, to collect enough data
to verify our second hypothesis, we need to deter-
mine the appropriate amount of time a user needs
to use the system to measure the long-term effect of
the user model. Thirdly, five users are still a small
sample size, we wish to increase the sample size to
something larger to determine how the similarity
has been changed. In addition, five users partic-
ipated in this experiment happened to be a local
focus when it comes to searching. It would help
us to know if the similarity is changed for a group
with different cognitive searching styles. Lastly, we
found out that the size of human generated Con-
text network affected by a user’s tiredness. Thus,
we would like to further investigate the effect of
human factors such as pressure and fatigue on the
process of relevancy assessment. This would help
us to find the solutions to help the users in critical
situations.
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