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ABSTRACT
An improved understanding of the relationship between search in-
tent, result quality, and searcher behavior is crucial for improving the
effectiveness of web search. While recent progress in user behav-
ior mining has been largely focused on aggregate server-side click
logs, we present a new search behavior model that incorporates fine-
grained user interactions with the search results. We show that min-
ing these interactions, such as mouse movements and scrolling, can
enable more effective detection of the user’s search intent. Potential
applications include automatic search evaluation, improving search
ranking, result presentation, and search advertising. As a case study,
we report results on distinguishing between “research” and “pur-
chase” variants of commercial intent, that show our method to be
more effective than the current state-of-the-art.

Categories and Subject Descriptors
H.3.3 [Information Systems]: Information Storage and Retrieval

General Terms
Design, Experimentation, Performance
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1. INTRODUCTION
An improved understanding of searcher needs and interests is cru-

cial for search engines to generate satisfactory search results, with
applications ranging from search evaluation to improving search rank-
ing, presentation, and usability. While previous studies have shown
the effectiveness of eye tracking to identify user interests, unfortu-
nately, eye tracking requires expensive equipment, limiting its appli-
cability to the laboratory setting. In this paper we attempt to infer
web searcher intent by modeling mousing, clicking, scrolling, and
other client-side behavioral clues that are available on a wide range
of computing devices. For this, we attempt to learn a correspondence
from eye tracking data obtained in a lab, to the real behavior of users
“in the wild” - that is, when engaged in natural web search tasks.

What makes the problem particularly daunting is that the same
query may reflect different intents not only for different users [6],
but even for the same user at different times [3]. As a concrete ex-
ample, consider how users with research intent examine the search
engine result page (SERP) for a query “nikkor 24-70 review”. This
query is commercial (the searcher is probably considering whether
to buy this digital camera model), but could also be research-oriented
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(the searcher is interested in reviews, and not yet in making an im-
mediate purchase). Figure 1 (a) shows the gaze position “heat map”
(different colors represent amount of time spent examining the corre-
sponding page position). Figure 1 (b) shows the mouse movements
performed by the subject as they were examining the SERP. This ex-
ample illustrates the possible connection between user interactions
on the SERP and interest in specific results or types of results, and
can be more revealing than the keywords of the query or clicks on
the result links.

Previous work (e.g., [1]) addressed the detection of commercial
intent in the aggregate. Another dimension of work somewhat simi-
lar in approach to ours considered query chains and browsing behav-
ior to infer document relevance (e.g., [5]). The work that is closest
to ours in spirit (e.g., [4]), attempted to capture and identify user
goals based on the query context. In contrast, our work explores the
value of automatic mining of client-side interactions – contextual-
ized within a search session – for detecting searcher intent.

(a) (b)

Figure 1: Searcher gaze position and corresponding mouse tra-
jectory (Research intent)

Our Task: the goal is to detect, given a user’s behavior on a SERP,
whether the query had research or purchase intent. That is, each
search and corresponding SERP was labeled as part of “research” or
“purchase” intent; therefore, this is a test of our model to be able to
correctly recover the original intent of the searcher.

Next, we introduce our techniques (Section 2) followed by pre-
liminary experimental results and discussion (Section 3).

2. SYSTEM DESCRIPTION
We represent the user as a non-deterministic state machine where

the emissions are the observable actions, and the user intent and
search goals as the hidden states in the model. Therefore, searcher
actions such as queries, result/ad clicks, mouse movements and but-
ton presses are observations generated by the hidden states. For ex-
ample, ad clicks are more likely to be emitted if the user is in a
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purchase state, and less likely if the user is in a research state. Sim-
ilarly, the emission probabilities of other observations would vary
over different hidden states. Hence, we hypothesize that observa-
tions including the search context and user interactions are related to
the intent states of the users.

Specifically, we consider the following information sources and
the corresponding feature representations. Each feature group is de-
scribed below to the extent permitted by space limitations. Complete
feature specification and the dataset for our experiments is available
online1for reproducibility.
Query group: This group of features is designed to capture the same
information as was used in the previous studies of capturing clicks in
the context of previous and subsequent queries [4, 5]. Specifically,
we include features such as query length, and unigram (token) list
for query and query URL tokens.
SERPContent: These features represent the text (and markup) con-
tent of the SERPs, specifically, the unigram (token) set of terms and
markup in the SERP.
ResultQuality: These features are to capture coarse information
about the SERP connection to the query, namely: how many words
in result snippets match the query terms, how many words in search
ad text match the query terms, as well as the number of ads.
Interaction: The features include time from page load until the first
move or UI event, dwell time, mouse trajectory length, vertical and
horizontal range. We also capture more precise physiological char-
acteristics, such as speed, acceleration, rotation of the mouse move-
ments.
Click: Captures the types and properties of result clicks and SERP
revisits, features include: tokens in the clicked URL, whether the
click is a Bounce click[7], a SAT click[2], number of URLs visited
after a result click, average and total dwell times on each visited
result URL, click type, etc.
Context: Captures where the search belongs within a task context:
for example, position of search in the task (e.g., initial query vs. 3rd
one), whether the query was issued within same session, and whether
the query is the initial query in session, whether the query is identical
to previous query, whether the query is reformulation, expansion or
contraction.
The compared methods are as following:
• Baseline: always guess the majority class (Research).

• QC: similar to the state-of-the-art query chains models (e.g., [5,
4]), implemented using Query group features and trained using
the SVM classifier.

• SVM (All): implemented using all group features and trained us-
ing the SVM classifier.

3. RESULTS AND DISCUSSION
We performed a user study where 10 subjects were asked to have

two intents: purchasing (that is, to attempt to “buy” an item of im-
mediate interest to the subject), and research (that is, to “research”
an item of interest to the subject, for some future purchase). The
subjects were not restricted on time, and all the interactions, as well
as gaze position, were tracked using the EyeTech TM3 integrated
eye tracker, with actual sampling rate of approximately 30Hz. All
the subjects were graduate and undergraduate students and univer-
sity staff, that is, were technically savvy and had some experience
with web search. To collect the data, we developed a simple Firefox
plugin to capture the mouse movements and other user action events
on search result pages.

We now report the results for detecting whether the searcher had
research or purchase intent. We used the searches from 7 of the 10
1At http://ir.mathcs.emory.edu/intent/data/.

subjects as training and the searches from the other 3 subjects as
test. Also, we used standard-defined Precision, Recall and Macro-
averaged F1 as metrics. Table 1 shows that our system SVM (All)
substantially outperforms both baselines, including the QC (query
chains) baseline, resulting in accuracy of almost 82% and precision
(on identifying Research intent) of 92%.

To identify the most important features contributing to our per-
formance, we performed feature ablation by removing one feature
group at a time from the classifier (Table 2). All the feature groups
provide significant contributions. The most important features ap-
pear to be ResultQuality and Context features: with these features
removed, accuracy degrades to 70.5% from 82% with these features
included. We conjecture that ResultQuality and Context features
help interpret user behavior by indicating whether the searcher is
succeeding in the search intent. Further investigation and additional
user study is needed to fully understand the connection between var-
ious feature groups; our work is just a first step in the right direction.

Method Acc. (%) Research Purchase F1
Prec. Recall Prec. Recall

Baseline 65.9 65.9 100 0 0 39.7
QC 56.8 85.7 41.4 43.3 86.7 56.8
SVM (All) 81.8 92.0 79.3 68.4 86.7 80.8

Table 1: Main Results for Predicting Research vs. Purchase

Method Acc. (%) Research Purchase F1
Prec. Rec. Prec. Rec.

SVM (-Query) 72.7 81.5 75.9 58.8 66.7 70.6
SVM (-SERPContent) 75 90.9 69.0 59.1 86.7 74.3
SVM (-ResultQuality) 70.5 86.4 65.5 54.5 80.0 69.7
SVM (-Click) 72.7 81.5 75.9 58.8 66.7 70.6
SVM (-Interaction) 75 90.9 69.0 59.1 86.7 74.3
SVM (-Context) 70.5 90.0 62.1 54.2 86.7 70.1

Table 2: Feature Ablation Results for Predicting Research vs.
Purchase

In summary, we have shown that by modeling interactions in con-
text we can substantially improve the prediction of research vs. pur-
chase intent of the user. The presented work is just a first step in
contextualized user interaction modeling, eventually enabling more
accurate intent inference, personalization, and targeted content de-
livery for the next generation of search. In the future, we plan to ex-
pand our model to consider user interactions and page context other
than the search result pages. In particular, we plan to incorporate the
interactions on the intermediate result pages visited between succes-
sive searches, which may provide additional contextual information.
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