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We study the effect of contextual information obtained from a user’s digital trace on Web search performance.
Contextual information is modeled using Dirichlet-Hawkes processes and used in augmenting Web search
queries. The context is captured by monitoring all naturally occurring user behavior using continuous 24/7
recordings of the screen and associating the context with the queries issued by the users. We report a field study
in which 13 participants installed a screen recording and digital activity monitoring system on their laptops
for 14 days, resulting in data on all Web search queries and the associated context data. A query augmentation
model was built to expand the original query with semantically related terms. The effects of context window
and source were determined by training context models with temporally varying context windows and varying
application sources. The context models were then utilized to re-rank the query augmentation model. We
evaluate the context models by using the Web document rankings of the original query as a control condition
compared against various experimental conditions: 1) a search context condition in which the context was
sourced from search history, 2) a non-search context condition in which the context was sourced from all
interactions excluding search history, 3) a comprehensive context condition in which the context was sourced
from both search and non-search histories, and 4) an application-specific condition in which the context
was sourced from interaction histories captured on a specific application type. Our results indicated that
incorporating more contextual information significantly improved Web search rankings as measured by the
positions of the documents on which users clicked in the search result pages. The effects and importance of
different context windows and application sources, along with different query types are analyzed, and their
impact on Web search performance is discussed.
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Original query Contextualized query Task context
rdm rdm mac Looking up information on a tool used for Mac

OSX display resolution settings.
terrace house opening new
doors

terrace house opening new
doors netflix

Searching for updated information on Netflix
about the movie.

glossier cloud paint puff glossier cloud paint puff
mymallbox

Searching for information on a cosmetic prod-
uct on the commercial website mymallbox

Table 1. Examples of how users’ queries were contextualized. Each original query was augmented as a
contextualized query with an additional related term that could be inferred from digital user behaviors
preceding the search. A new term added to the original query is denoted in bold.

1 INTRODUCTION
According to Internet Live Stats1, billions of Web searches are executed online each year worldwide.
Web search provides access to the vast amount of information on the Web, but also supports
addressing a broad range of information-intensive tasks [9]. Often, the query submitted by the
user may be short and is written using the user’s own vocabulary. The Web documents, however,
may be written by different individuals with different vocabulary and styling [43]. This raises a
fundamental problem of term mismatch in information retrieval that can negatively affect the
results of Web searches [14]. Typical examples are shown in Table 1. For example, the query "rdm"
is short, ambiguous, and does not specify a detailed description of information needs that would
enable effective retrieval.

To overcome this problem, many different techniques have been proposed to improve the retrieval
performance, including query expansion, which selects related terms from top-ranked documents
in the initial retrieval results to expand the query [12]; query disambiguation, which identifies
ambiguous terms and expands the query with synonyms [44]; and query diversification, which
presents many different interpretations of the query up front and lets the user select the correct one
[34]. All of these require user effort and use external data but may still not lead to successful queries.
An alternative approach is to use the rich digital context of the user to try to detect the user’s
information needs and augment the query with contextually related terms. The context provides a
rich source of information about the tasks in which the user is involved, and this information can
be leveraged to augment the queries [30, 53].

The use of context in query augmentation has been extensively studied [27, 69]. Many types of
context data have been considered, and numerous methods have been proposed through which
contextual information has been used [16, 21]. The main approach has been to construct the models
from observed past user behaviors, which are often sourced from the search engine interaction logs
[21, 22, 26] or Web browsing data [3, 27, 32]. The context has been used to redefine the vocabulary
in which query expansion terms were generated. For instance, Eickhoff et al. [21] considered search
engine result pages of the prior query as context; the signal value was the set of terms that the
user paid attention to on the pages. Then, the candidate terms for query expansion were reranked
according to the semantic correlation to those contextual terms. However, Web searches are often
conducted as part of a more general task [64], and therefore considering search history as the
only source of context may be a factor limiting the effectiveness of query augmentation. Another
approach is taking all the desktop data (documents stored on the computer) as context [16]. The
authors first identified the set of terms that were closely related to the current query as candidates.
Then, they restricted the candidate terms to only those appearing on the desktop. More recent

1http://www.internetlivestats.com/
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research has also utilized data from other sources that involve a richer context. Singh et al. [56]
logged user behavioral signals, including clicks and page visits, on a real-world e-commerce site
to elicit user query intent. Li et al. [41] considered user context based on recently read emails.
Tan et al. [59] collected recently opened documents as context for recommendations. All of these
methods aimed at exploiting as much additional context as possible; however, it is still unclear if
and to what extent leveraging more context sources would lead to improved search ranking.
Another important factor in personalizing search is the amount of behavioral information

considered to construct the context model [7]. Most studies often use all available context as a
whole without distinguishing which parts are useful. Although positive results have been reported,
collecting more information may not always be necessary. An alternative approach is dividing the
whole context into partitions by time. Such work includes [54, 61], which associate the current query
with different amount (time periods) of history (e.g., queries or browsedWeb pages) for personalized
search. A more recent approach [7] detected boundaries of search sessions first, so that activities
within the same session could be used to train the model. For this purpose, an early work [65]
determined a search session demarcated by 30 minutes of user inactivity. Rather than emphasizing
such absolute time, Koskela et al. [35] modelled the context in that most recent activity were
more relevant than activities conducted some time ago by introducing a decay function. However,
choosing the decay function was dependent on the experimental settings and test data used. Earlier
attempts to address this challenge leveraged different representations of context including recent
interactions (short-term), historical browsing contexts (long-term), or a combination of both short-
and long-term contexts to personalize search results [7]. Nevertheless, the investigation of the
impact of more contextual information on query augmentation has received less attention. We
address this shortcoming with the research presented here by studying the relationships between
various context sizes by time thresholds (10 minutes, 1 hour, and 1 day) and investigating their
effects on modeling and query augmentation. We also study the effect of the context source, as the
utility of contextual data may be associated with different applications, tasks, and search intents.
We model the context "comprehensively", which considers not only searching and general

browsing behaviors, but also a variety of other applications. That is, we account for all user-
generated content and the textual information available in all types of applications that were used
preceding the search. This context contains information about a user’s search intent and preference
that can be used in re-ranking Web search results according to user needs. For example, Figure 1
shows a sequence of contextual information captured from a user’s digital behavior and the use of
that information in query augmentation. A user is engaged in a Web design task and is using CSS
styling language. The context here is typically the content that was processed and produced by the
user before the query, including history of previous searches, Web browsing history, past email
conversations, or any text written by the user into the code editing software. The user’s intent
was to look for a CSS code implementing the animation effect to support the task. Conventional
query augmentation would expand the original query "candle animation html" with a related term
such as "flame". Here, the context model reranked the prediction terms after considering contextual
information, such that the term "CSS" that was contextually related would be ranked higher. The
original query was rewritten as "candle animation html css" so that it would better convey the
user’s search intent and lead to an improved search ranking.
By considering both the source of context and different time windows, we seek to answer the

following research questions (RQs):

• RQ1: Does comprehensive use of context improve retrieval performance?
• RQ2: How does the source of contextual information affect Web search performance?
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Fig. 1. An example of contextual query augmentation. The first three screen frames recorded 10 minutes
before the search, show documents read by the user, and the bottom frame is the query inputted to the search
engine. The context includes opened documents on other applications, and these were used to train the
predictive model. The query augmentation model was re-ranked using the context model. The contextually
related term "CSS" was ranked higher and used to expand the original query "candle animation html"

To answer the research questions, we report an in-the-wild data collection study monitoring
the computer screens of volunteer users over the course of 14 days. The resulting data includes all
content produced by the user and to which the user is exposed to across applications. User digital
activities captured from a wide range of applications were classified into different sources and used
to train the context models for query augmentation. Varying windows of context were also used
when training the models, including digital activities that occurred within a time window of 10
minutes, 1 hour, and 1 day prior to Web searching.
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We further report the results of two data-analysis experiments with respect to the two RQs. In
Experiment 1, Web document rankings of the original query were used as control conditions
and compared with context models. A query expansion model was built using the content of
top-ranked search results in response to the original query. Then, the query expansion model was
used to augment the original query. To investigate whether more context helps to improve query
augmentation, the sources of context information and the sizes of context used to construct the
context models for experimental conditions were manipulated. We tested the control condition and
the query augmentation condition against various experimental conditions: 1) a search context
condition in which only the search history or screen captures of the search systems were leveraged,
2) a non-search context condition in which all the sources excluding the search history were
leveraged, and 3) a comprehensive context condition in which all sources of context (both search
and non-search contexts) were leveraged. We evaluated the retrieval quality of the queries in
different conditions using click metrics: Mean Average Precision for each query computed as the
average precision of retrieving the documents that were clicked by users at top 𝐾 , and Mean First
Relevance for each user computed as the average ranks of the last-clicked documents in the search
results list. In Experiment 2, we analyzed the effect of different sources of contextual information
on retrieval performance. We first clustered computer applications that had similar functions into
various sources. Similar to Experiment 1, we varied information from the application sources
to build the context models for application-specific context conditions. We also compared the
retrieval quality of each application-specific context condition against the control condition and the
query augmentation condition using the same measures. Moreover, we characterized the effect of
contextual query augmentation with regard to different search intents (navigational, transactional,
informational) in both experiments. Our findings reveal the following:

• In general, the user’s search history is a rich source of contextual information for query
augmentation. However, when the search history is short or contains only a little information
about the user’s task-related preferences (cold start or new task), the search history can be
complemented with other sources of contextual information.

• Contextual information from any type of application prior to the search is useful in augment-
ing queries. Therefore, contextual information should not be limited to only user interactions
with the search system itself, but user context should also be modelled by considering other
application sources, for example, email conversations or text observed when the user is
producing or consuming content (writing or reading).

• Queries with informational intent can be successfully augmented by using contextual infor-
mation, whereas queries with transactional or navigational intent are limited in how they
benefit from contextual information. Informational queries are associated with re-visitation
behavior; for example, searching for programming knowledge often lands on a site visited
frequently or that is about a certain task (e.g., stackoverflow on Javascript programming).
In contrast, queries with transactional intent are more session specific and thus are not
necessarily influenced by the context. For example, the process of searching for airlines, the
user may end up visiting sites of different airlines across search sessions and augmenting the
query with context focusing on airlines other than the one in focus may be limited. Moreover,
queries with navigational intent are better specified. In other words, the users knowwhat they
are searching for and can write successful queries up front. Therefore, contextual information
has limited benefits for augmenting navigational queries.

• Different sources of contextual information may be suited to different queries. For queries
with informational intent (checking facts, looking up information), recent interaction history
sourced from generalWeb browsing, textual documents, emails, and instantmessages contains
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relevant context, and themodel performs better than query augmentation using search history.
On the other hand, to better understand user information needs in the case of transactional
intent, the context sourced from a full day of user learning activities, interactions with office
productivity applications or static Web pages, and electronic purchasing behavior becomes
more useful.

2 BACKGROUND
In this section, we begin by giving an overview of research efforts aimed at the use of contextual
information in Web search applications. Then, we review previous work on the roles of context
windows and application sources in query augmentation, highlighting our contributions with
respect to prior work.

2.1 Contextual information in Web search
There has been increased interest in the information retrieval community in modeling user contexts
to improve various aspects of search, such as document ranking and query suggestion [36, 70]. A
large body of research has explored different types of context including searching and browsing
activities, and built predictive models to improve Web search performance [12, 27, 49, 70]. Xu and
Croft [70] viewed terms in top-retrieved documents as context of the query and used for query
expansion. A problem with this approach is that some of the expansion terms extracted from
top-retrieved documents are irrelevant to the user’s underlying context and thus may hurt the
retrieval performance. To address this problem, Shen et al. [55] considered the user’s browsing
history to capture the current query context. A context model was then used to improve the
query expansion. Instead of using the immediate browsing history before the search, Chirita et al.
[16] considered the entire document collection stored on the user’s computer as the contextual
environment. However, a text document may contain many topics, and the user might only be
interested in some of them. Chen et al. [15] and Buscher et al. [11], on the other hand, focused
on implicit feedback on the document level, more specifically, the document parts that the user
looked at, by utilizing the eye-tracking approach. This way, the viewed document parts can better
represent the user’s short-term context and can be used to improve the quality of retrieval by
query expansion and reranking. Further studies aimed at incorporating user context for improved
query suggestion and document ranking. For example, Cao et al. [13] mined recurring sequential
patterns from search sessions, and this information was used to train the model for context-aware
query suggestion. Mitra [47] studied session context with a distributed representation of queries
and reformulations and used the learned embeddings for query prediction tasks. Zhang and Jones
[72] modelled contexts comprising queries and clicks within search sessions for query suggestion,
URL recommendation, and document re-ranking. All of these researchers gathered and included
different kinds of context or parts of user context for personalizing search, whereas we combined
all contextual signals, and as the main goal of our study, we compared the performances of the
models constructed using different contexts and studied their effects on retrieval performance.

Another study related to ours is [54], which proposed a method for context-aware reranking. The
current query was augmented by using contextual information and then fitted into language models
for retrieval. The basic idea was to promote the context as the preceding queries and recently
viewed documents within the same session. The authors evaluated their models using a small
amount of session data created upon TREC collection [54]. However, in reality, user sessions for
Web searches are more complex, often conducted as part of a general work task [53, 64]. Typically,
the existing method assumes that the context is present within search sessions [27]. The assumption
weakens for complex information needs, for which it is possible that the context has not been
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previously seen in the search logs [10]. Therefore, considering only search history to model context
may limit the effectiveness of query augmentation.

Unlike previous studies, we do not restrict the context to a specific type of system but use all user
interactions and behaviors that naturally occur on the computer. Therefore, the context analyzed
in our study is rich and includes more extensive sources that span a variety of applications.

2.2 Roles of context windows
Studies on query augmentation are not limited to proposing a new modeling approach; researchers
also seek to obtain richer contextual information useful in improving Web searches [7, 32, 47]. Cao
et al. [13] demonstrated how variable sizes of contextual information affected query suggestion.
Recent work has shown that collecting more contextual information can improve the performance
of query augmentation [67, 73].
Constructing the context size generally depends on the timespan of user behavior prior to the

search [7, 31, 49]. A search session has also been widely considered as a context for personalization.
A window of 30 minutes has already been used to demarcate sessions [51, 52], although it may
also range from 5 minutes to several hours depending on the study settings [60]. White et al. [65]
studied the utility of various kinds of contextual information based on how effectively they can
be used to predict future user interest. In their study, the kind of context was determined by the
number of Web pages visited by the user preceding the current page; for example, five pages visited
prior to the current page were considered as the immediate session-based interaction context, while
historical context included all pages visited before. The models were trained using this contextual
evidence to predict the future page the user would open. The best accuracy was obtained when
contextual information about the current session was used to predict interests in the following
hour. However, their study focused on predicting user interest at different times in the future but
did not utilize the contextual information for query augmentation.

Following the previous work, we explore the effectiveness of the context model trained based on
different temporal views of interaction history on various applications and systems. Accordingly,
we used three windows of context: 10 minutes, 1 hour, and 1 day. User behaviors (e.g., previous
queries and page visits) 10 minutes to 1 hour prior to the current query have been used to generate
short-term profiles [66], whereas a full day of behaviors can represent long-term interests [7].
Both long- and short-term behaviors have been shown to provide benefits for search personal-

ization models [7]. Short-term behavior during the current search session has been used for search
results ranking [7] and predicting future search interests [66]. Teevan et al. [61] found that the
performance of their personalization algorithm improved as more information about the user’s
interests became available. Long-term behavior has also been used to personalize search result
rankings by building long-term models of search interests [7], specifically including the use of
documents that have been previously clicked, or prior queries suggesting a pursuit of similar search
intent. However, little effort has been focused on exploring the impact of different sizes of histories,
for example, keeping one of either short-term history or long-term history at a time and studying
its effects. Meanwhile, we delve deeper into this aspect by performing experiments on the models
in different conditions with different context sizes, such as a condition with a short-term history
and a condition with a long-term history, and we varied the sources used to construct the model.
In addition, most previous work is based mainly on the analysis of search engine logs in which
the presence or absence of a term on a Web document or search engine results page (SERP) can
be regarded as a signal. However, in the real-world scenario, the prior queries may not always be
a relevant source to model search context. For example, the query "t-rex" was about a dinosaur,
but the intent of the query was to search for a bike as the user was in the middle of a discussion
with friends about sports bikes on an instant messaging application, but the search history might
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not contain information about the conversation. This problem can be alleviated by offering query
suggestions that guide the searcher toward popular queries frequently issued by other users [23]. It
is, however, often unclear how relevant such suggestions are for the individual user. Therefore, in
those cases, the search intent can only be identified through a more comprehensive context beyond
the search system.

Contrary to the limited context sourced from search history, our screen recording contains a large
amount of information covering search activity, and other types of activities (e.g., while writing
documents or accessing intranet information) that conventional logging mechanisms can not obtain.
Rather than modeling context based on the search history alone, we have developed methods to
leverage a more comprehensive context from a wider range of applications to improve retrieval.
Such an approach allows us to study the impact on search performance when more contextual
signals considered. As part of our study, we also investigate the effect of different windows of
context on model performance.

2.3 Roles of application sources
While the timespan of the behavioral information used for context construction is important,
another critical aspect is the source of information used to train the model [10, 27, 28, 32]. Empirical
findings by Belkin et al. [6] suggest that eliciting a variety of information needs from multiple
sources of evidence concerning the relevance of documents to a query is likely to improve retrieval.
Kelly et al. [33] performed user studies investigating another source of context in the search process
and selecting useful sources of terms for query expansion. The authors focused on using a document-
independent technique for eliciting feedback from users about their information problems, for
example, asking them to report topics of their interest directly in a feedback document. They used the
report to find useful terms for query expansion. However, they did not use an automatic technique
to elicit information needs from a user’s past behaviors, but rather relied on background and
contextual information that the users provided themselves. Recent work has proposed augmenting
queries for sponsored searches in which the current query was substituted by a query containing
terms from the source of the advertising content, thereby increasing the number of Web ads
available to users [27, 28, 45, 56]. Some studies have also focused on query augmentation for email
search [38, 41]. User information needs were modelled based on the source of email conversations,
and models were built to predict and augment the query [41]. When such metadata is absent, search
systems will rely on different sources to model the user context; for example, queries and clicks from
Web searches, user-generated content on micro-blogging posts [20, 42, 46], multimedia documents
(e.g., images, videos) [48], hyperlinked Web pages [5, 37], and click-through data [5, 8, 17].

Different sources of information have been leveraged in these studies with the aim of reducing
query ambiguity and vagueness and elucidating the actual intent behind the query. A less vague
query has the potential to produce more relevant search results for search applications. However,
no work so far has investigated how much improvement can be achieved by leveraging these
specialized sources for general Web searches.

Context, application sources, and information retrieval are highly connected, as shown in many
studies [14]. Some reviews and meta-analyses have tried to compare the various techniques used
for query augmentation [14, 40]. However, they have mostly focused on disambiguating long and
short queries, without discussing the effects of different application sources and context windows.
With our research, we complete the picture by leveraging various data sources captured via a novel
logging methodology by recording all information occurring on the screen, including user digital
traces across a variety of applications. Screen recording can be used to model some parts of user
activity that can be hard to sense in conventional logging systems, such as the content that was
appearing and applications that were used before, during, and after a search. We use this rich
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Fig. 2. The overall procedure consisted of four phases: 1) Data collection study for a duration of 14 days;
2) Data annotation and classification; 3) Experiment 1, investigating the effect of context window; and 4)
Experiment 2, investigating the effect of context source on the retrieval performance.

source of context to shed light on the roles of various context sources in supporting effective query
augmentation.

3 DATA COLLECTION STUDY
The purpose of the data collection studywas to obtain in-the-wild search behavior and the associated
contextual information. Details of the data collection study and the overall procedure of the two
experiments are presented in Figure 2. We used a methodology in which the participants’ laptops
were continuously monitored and all digital activities logged for a duration of 14 days, including
Web history and interaction history spanning a variety of applications. To capture the contents of
the documents (e.g., Web pages, textual documents, and other types of files) that were examined
and produced by the participants, we utilized a screen recording system that captures screen frames
of active windows at 2-second intervals and stores them on the laptop’s hard drive. All screen
frames were converted to text using an Optical Character Recognition (OCR) system. Participants’
search queries and clicked documents on the search engine result pages were extracted.

3.1 Apparatus
A custom-built screen recording system was developed for the experiment. Unlike other logging
methods that have been used in traditional information retrieval studies, screen recording is not
restricted to pre-specified logging functions. Apart from voice search, it can capture all possible
user activities, including every input, as well as the presentation of content on the screen that
occurs between the user and the computer before, during, and after searching [63].

The screen recording system captures the screen frames of active windows at 2-second intervals.
The system was developed in two versions: We used Core Graphics API to implement the Mac
operating system (OS) version, and we used Desktop App UI to implement the Microsoft Windows
OS version. Both are native OS libraries and perform identical functions, recording and saving
screen frames as images.
To produce a high-quality textual representation of the content from screen frame images, we

checked the OCR accuracy using various settings for image processing. The settings that produced
highly accurate recognized texts were used in our study. The settings included the pre-processing of
each image using a script in the ImageMagick library2 and converting the images to grayscale while

2https://imagemagick.org/script/convert.php
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making the background white and the text black, then re-scaling them to 500%. The pre-processed
images were converted to text using Tesseract (version 4.03), which is a highly accurate OCR engine.
In addition, the system collected digital activity information, such as OS event logs that were

associated with the screen frames, including the names of active applications and the Uniform
Resource Locators (URLs) of active Web pages fromWeb browsing applications, and the timestamps
when applications and documents/files were opened.

3.2 Participants
The participants were recruited by sending out invitations to mailing lists at the University of
Helsinki. Only respondents who used a laptop as their main computing device and English as
their main language for performing their everyday digital activities were considered eligible for
the study. Another eligibility criterion for taking part in the study was having a higher education
background, as we assumed that people satisfying this criterion would be more likely to use their
laptops for everyday digital activities.

Thirteen participants in both university and industrial settings, and of varying professions, took
part in the study. They were university students, computer scientists, and start-up entrepreneurs.
Of these, six participants had bachelor’s degrees, and seven participants had master’s degrees.
There were five males and eight females with an average age of 25 years (𝑆𝐷 = 5). The participants
had different cultural backgrounds: Six were from Nordic countries, two were from central Europe,
one was from Africa, and four were from Asia.
The participants were informed of our privacy guidelines prior to joining the experiment and

were told that the digital activity logs and screen recordings would be stored on their own laptops
during the monitoring phase. After that, the data would be transferred to a secure server and used
only for research purposes. After the experiment, the participants were compensated with 150
Euros. Consent was obtained from the participants regarding the data usage, privacy, and procedure
of the experiment.

3.3 Ethics
We are very aware of the privacy implications of using screen recording data for research and have
taken active steps to protect the participants. In particular, to safeguard participant privacy during
the experiment, all screen frames were encrypted, stored locally on participant laptops during the
recording, and never exposed to anyone except the participants themselves. Upon completing the
experiment, we only archived the queries and ranking positions of the search results, removing
all other personally identifiable information in the demographic information. We followed the
ethical guidelines and principles of data anonymization and minimization at every stage of the data
processing. The logs were archived and stored on a server protected by authentication mechanisms
and firewalls. This work received ethical approval from the University of Helsinki Ethical Review
Board in the Humanities and Social and Behavioural Sciences 4.

3.4 Screen Recording and Digital Activity Monitoring
Upon participants’ agreeing to take part in the experiment, the screen recording and digital activity
monitoring system were installed on each participant’s laptop and set to run continuously in stealth
mode for a duration of 14 days. The system was automatically launched whenever the laptop was
turned on. To provide users with full control over the monitoring, a stopping function was also
implemented. The user could stop the system from monitoring at any time simply by clicking on

3https://github.com/tesseract-ocr/tesseract/wiki/4.0-with-LSTM
4https://www.helsinki.fi/en/research/ethical-review-board-in-the-humanities-and-social-and-behavioural-sciences

ACM Transactions on Information Systems, Vol. 1, No. 1, Article 1. Publication date: January 2021.



Does More Context Help? Effects of Context Window and Application Source on Retrieval Performance 1:11

the stop function. During the monitoring phase, the participants were advised to use their laptops
as usual and to avoid stopping the system unless it was necessary. After the 14-day period, the
participants visited our lab and the system was uninstalled from their laptops.

3.5 Results
The data collected from the 13 participants contained all Web activity logs, the actual queries
submitted to the search engine, the Web pages visited, and interaction history on all applications.
In total, the data collection consisted of an average 140,035 (𝑆𝐷 = 134, 024) screen frames per
participant. This represents a history of an average of 78 hours (𝑆𝐷 = 73) of computer usage
per participant. We focused on unique screen frames by discarding duplicate frames or constant
screen capturing of non-informative changes on the screen. This resulted in an average of 17,185
(𝑆𝐷 = 12, 448) screen frames per participant and an average of 1, 204 (𝑆𝐷 = 555) unique documents
were used over the course of two weeks. Due to a variety of online services offered on the Web,
many user works were carried out not only on a local standard-alone application, but also on the
Web browser. For example, Office 365 and Google Docs have the same functionalities as MS Office.
Therefore, we decided to extract the domain names of the Web sites visited by the participants and
considered them as separate applications. This resulted in an average of 108 (𝑆𝐷 = 45) applications
used per participant.

4 DATA ANNOTATION AND CLASSIFICATION
Data annotation and classification were conducted for the collected data prior to data analysis
experiments. Queries and clicked documents on SERPs were extracted and classified according to
their intent and application sources.

4.1 Query and Clicked Document Link Extraction
The preliminary step of data annotation and classification was to extract the participants’ Web
search queries from digital activity logs and screen recordings. We ran a script programmed to
automatically identify all Web searches and queries from commercial search engines including
Google Search, Bing Search, DuckDuckGo, Yandex, and Yahoo Search. Search engine usage was
identified in the Web URLs of the collected screen frames. The queries were then extracted directly
from the URLs. The corresponding clicked document links from the SERPs following the queries
were also extracted.

A total of 1,518 unique Web search queries were found in the participants’ screen recordings; 787
queries were identified with one or multiple clicked document links (e.g, either a user performed
multiple clicks on the results at a time and viewed them individually later, or clicked a result and
then came back to click another one). Of these, 645 queries had one clicked document, 123 queries
had two clicked documents, 10 queries had three clicked documents, and 9 queries had four clicked
documents. The remaining queries were potentially "good abandonment" or queries that may
have resulted in user satisfaction without their needing to click on the SERP (e.g. SERP contains
enough details to satisfy the user’s information need without visiting the actual document). In
addition, there were many cases in which queries were part of search sessions and had zero clicks
on the results. This was because the user was not satisfied with the current search results and thus
submitted more follow-up queries. However, when clicked documents were not observed, they
were not part of the evaluated queries. Therefore, we only analyzed and reported the results of
those queries that had clicked documents on SERP.
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Intent Type Description Examples
Navigational Search intent that is to navigate to a particular

Website. The searcher may already have the
specific words regarding the Website in mind
[9].

google cloud; google drive; google
sheets; docusign; slack; theverge;
coursera; encyclopedia; d3js; beta
freecodecamp.

Transactional Search intent that is to locate a Website with
the intent to obtain some product either elec-
tronically or a commercial real-life product
[9] including purchase of a product, execution
of an online application, or to download the
"known" documents, images.

glossier cloud paint dusk; marlboro
original jacket; flights from helsinki to
rome; pdf model-driven formative eval-
uation of exploratory search; porvoo
museum price.

Informational Search intent that is to locate content concern-
ing a particular topic in order to address an
information need of the searcher [9]. In con-
trast to navigational, the query can be along
a spectrum from very specific to something
very vague.

remove windows media player; how
many days to spend in rome; different
strength of diamonds; hascode return
too similar values; how to put text be-
side picture.

Table 2. Examples and descriptions of search intent types. The examples are taken from the participants’
real-world queries extracted in the data collection study.

4.2 Query Classification
The aim of the query classification phase was to classify the extracted queries that had similar
search intent into a set of target categories. The descriptions and examples of the search intents are
presented in Table 2. Classification was chosen based on three basic intent types (informational,
transactional, and navigational) that were extensively studied and have been widely used in many
query augmentation studies [9, 14].

The intent types were assigned to the queries based on case-specific considerations. Two annota-
tors classified the queries independently to study the inter-annotator reliability. First, the primary
annotator went through each query, search results, and the clicked Web documents; and developed
an initial classification scheme. Then the second annotator was called in to the task. The second
annotator followed the same classification scheme and independently classified 20 queries. After
that, the second annotator met with the primary annotator to discuss the intent types and revised
the classification scheme. Then a random sample of 50 queries was assigned to both annotators for
classification. These 50 queries were then used to compute the inter-annotator agreement using
Cohen’s Kappa. The test showed a high agreement between the annotators (𝐾𝑎𝑝𝑝𝑎 = 0.87). Then
the primary annotator classified the remaining queries.

4.3 Application Classification
The aim of the application classification phase was to classify applications into a set of categories
based on their common functions, types, and fields of use. The application categories are presented
in Table 3. The application names were extracted from the collected OS log information.
The Social category included applications of which the main function was to enable communi-

cation with other people (e.g., Skype, Mail, Facebook). The E-commerce and E-learning category
typically featured websites used to support online interaction for learning and even to enable
transactions (e.g., online stores, journey planner, MOOCs). Meanwhile, the Static category included
websites that did not support transactions or online learning (e.g., personal web-blogs, on-line
news services). Participants used many dedicated tools for office work, such as spreadsheets, word
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Application Category Description

Social Applications and websites where main function is to enable communication
between people.

Office Applications or tools that are generally used to support office work.

Local Local applications that are installed on the participant’s computer but exclude
applications categorized in the previous categories.

E-commerce/E-
learning

Websites that are typically used for manifold interactions and that support
interaction for learning and even enable transactions.

Static Websites that are typically used for browsing and that do not support or
encourage much other interaction for learning or transactions.

Rare Websites used only once or twice are placed in this category.
Table 3. Application categories are data-driven. They are categorized based on common function and type of
use.

processing, PowerPoint presentations, and pdf reader which were categorized into the Office cate-
gory. Locally installed applications such as, system preferences, file explorers, and programming
frameworks were grouped as the Local category. Finally, any website that occurred only once or
twice in the recorded data was placed into the Rare category.

The classification followed a top-down approach [58] that was agreed upon by three researchers
in our group. The researchers formed classifications for all applications in the data. Two researchers
developed an initial classification scheme as follows. First, the researchers retrieved a description to
each application and determined functions and features offered by the application; then applications
that shared a similar set of functions and features were clustered into the same categories. The two
researchers independently classified twenty applications and met to discuss the clusters and revised
the classification scheme. After that, one researcher used the defined classification scheme to form
clusters to the remaining applications. The two researchers assigned the labels and descriptions to
the clusters and called them categories. A third researcher was invited to verify the classification
scheme and check on naming conventions of the clusters. After the review and discussion on
revisions, the final categories of applications were formed.
The double-blind inter-rater agreement was determined by calling an independent annotator

who did not have any prior knowledge about the study or the application categories, to perform the
classification. The annotator was first given the same set of descriptions and labels of the categories.
The annotator followed the classification scheme determined earlier. Then, we extracted a random
sample of five applications from each category and demonstrated the classification process to the
annotator. A separate random sample of ten applications per category were extracted and assigned
to the annotator for the actual classification. Based on Cohen’s Kappa, the level of agreement was
found to be high (𝐾𝑎𝑝𝑝𝑎 = 0.75).

Overall, the application classification resulted in an average of 3,538 screen frames (𝑆𝐷 = 3, 539)
for Social application; 5,167 screen frames (𝑆𝐷 = 8, 433) for Office application; 2,837 screen frames
(𝑆𝐷 = 2, 936) for Local application; 1,755 screen frames (𝑆𝐷 = 2, 622) for E-commcerce/E-learning;
1,475 screen frames (𝑆𝐷 = 1, 365) for Static Web application; and 1,258 (𝑆𝐷 = 836) screen frames
for Rare Web application per participant.
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4.4 Data Pre-processing
We focused on the information change on the screen, while removing terms that constantly appeared
that did not provide any useful context, such as the application’s title bar, menu bar, and other
toolboxes. For this process, we utilized a frame difference technique in which the two adjacent
screen frames were compared and the differences in pixel values were determined. That is, terms
that appeared in the same pixels in the two adjacent screen frames were excluded from the OCR-
processed document. After that, OCR-processed documents were pre-processed, lowercasing terms
using gensim library5, and stopword removal and lemmatization using nltk library6.

5 CONTEXTUAL QUERY AUGMENTATION
We leveraged the recent digital activity of the user to model context and augment the current
search query. The sources determined the information used to build the context models. As part of
the analysis, we varied the sources used to construct the four models, which are described below.

• Comprehensive context model: The context model was constructed based on compre-
hensive contextual information and actions that occurred prior to the current query in the
search. Actions comprise all OCR-processed documents (Web pages visited, textual documents
opened, local files accessed, email, and instance messages recently read).

• Search historymodel: The search history model was constructed based on the user’s search
activity followed by a subsequent search or the current query. We applied a constraint to the
data, accepting only OCR-processed documents of prior searches to train the model.

• Non-searchhistorymodel: The non-search historymodel was constructed based on actions
that occurred prior to the current query in the search, but excluding all search activities.

• Application-specific model: A model for each application type was created using the data
assigned to the application category described earlier. We assumed that, if a user opened a
specific application, then the application window contained useful content for modeling. All
OCR-processed documents captured on that application were used to train the model.

5.1 Dirichlet-Hawkes processes
We used Dirichlet–Hawkes processes (DHP) [19] for topic modeling of search context. DHP is a
time-dependent topic model that combines Dirichlet [4] and Hawkes processes [29] to uncover
meaningful topics and their temporal dynamics in the temporal stream of user activities. Topic

5https://radimrehurek.com/gensim/
6https://www.nltk.org/api/nltk.corpus.html

Table 4. Main notation used in the article.
Notation Description
𝑇 logged timestamp associated with a user activity
𝑞𝑇 a query submitted by the user at time 𝑇
𝑞𝑇 𝑗 𝑗th term in query 𝑞𝑇
𝑙𝑒𝑛 a context size with a threshold of 10 minutes, 1 hour, 1 day
𝐷 set of OCR-processed documents truncated by 𝑙𝑒𝑛 before time𝑇 using 𝑑𝑇−𝑙𝑒𝑛:𝑇
𝑑𝑡 the 𝑡 th OCR-processed document in 𝐷 ; (𝑡 = 1, 2, ..., |𝐷 |)
𝑊 vocabulary of 𝐷
𝑤𝑖 the 𝑖th word in𝑊 ; (𝑖 = 1, 2, ..., |𝑊 |)
𝑓 𝑡
𝑖

word count of𝑤𝑖 if𝑤𝑖 exists in 𝑑𝑡 , or 0 otherwise
𝐾 number of topics produced by DHP
𝑧𝑘 the 𝑘th topic in 𝐾 topics; (𝑘 = 1, 2, ..., |𝐾 |)
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Fig. 3. An illustration of contextual query augmentation with varying context windows. 1) The user’s inter-
action history spans the timeline from left to right. Applications used by the user are illustrated as icons,
documents are illustrated as titles labelled beneath the icons. 2) Time windows are 10 minutes, 1 hour, and
1 day. 3) Applications and documents are classified under an application category. 4) Context models are
constructed based on the predefined time window and the application category. 5) The context models
were used to re-rank the conventional query augmentation model. For example, the original query "candle
animation html" was augmented as "candle animation html codepen" when the model used the 1-hour context
window. 6) The clicked SERP "Examples of CSS Animation on CodePen" was re-ranked.

modeling has been used in prior query augmentation research [11, 15] to infer the searchers’ latent
intent based on the terms to which they pay attention. A particular term or phrase that the searcher
is reading in real-time can be used to derive what the user is currently interested in and is useful
for query expansion.
Our pilot tests showed that DHP is particularly suitable to model the evolving nature of user

periodic preference, comparedwith conventional topicmodels [15] that do not consider the temporal
dynamics.
DHP was utilized to discover topic clusters from a stream of documents based on both the

contents and temporal dynamics of their occurrence. The model was estimated through an online
inference algorithm that jointly learns the cluster pattern and the parameters of the Hawkes
processes for each cluster [19]. The use of DHP relies on the assumption that documents with
similar topics emerging closely in time are related to each other. In the DHP model, each document
(a file, a folder window, a text document, and a browsed Web page) was considered as an input unit.
After model estimation, the resulting topic clusters are used to find useful query expansion terms.

5.2 Modeling Technique
Figure 3 illustrates an example of context modeling with varying context windows. In addition, the
main notation used is described in Table 4. Given aWeb query𝑞𝑇 inputted by the user at time𝑇 , and a
collection of OCR-processed documents 𝐷𝑇−𝑙𝑒𝑛:𝑇 of a time window 𝑙𝑒𝑛 = {10𝑚𝑖𝑛𝑢𝑡𝑒𝑠, 1ℎ𝑜𝑢𝑟, 1𝑑𝑎𝑦}
before time 𝑇 were truncated and extracted for context modeling and query augmentation, our
approach was based on the three following steps:
(1) Use 𝐷𝑇−𝑙𝑒𝑛:𝑇 to build a context model of the interaction history preceding the search.
(2) Use SERPs in response to query 𝑞𝑇 to build a query augmentation model.
(3) Re-rank the query augmentation model using the context model.
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Step 1: Context model. Given 𝐷 , the context at each time step is defined as a vector over𝑊
terms. Each document is represented as a bag of words in which non-zero elements are the terms
present in the current document. The context is stored in the matrix 𝑋 ∈ R |𝑊 |× |𝐷 | :

𝑋 =

d1 d2 . . . d𝑡


w1 𝑓 11 𝑓 21 · · · 𝑓 𝑡1
w2 𝑓 12 𝑓 22 · · · 𝑓 𝑡2

...
...

. . .
...

w𝑖 𝑓 1𝑖 𝑓 2𝑖 · · · 𝑓 𝑡𝑖

,

where the element 𝑓 𝑡𝑖 is the count of𝑤𝑖 if𝑤𝑖 exists in the document 𝑑𝑡 , or 0 otherwise; each 𝑑𝑡 is
associated with a timestamp; |𝑊 | and |𝐷 | are the set sizes; and 𝑖 = {1, 2, ..., |𝑊 |} and 𝑡 = {1, 2, ..., |𝐷 |}.

The DHP approach projects 𝑋 into a low-dimensional latent space such that co-occurring terms
in documents should have similar representation. The model automatically yielded a fixed𝐾 number
of topics, for which we denoted each topic as 𝑧𝑘 . The resulting topic model assigned a membership
probability distribution over the terms in each 𝑧𝑘 , denoted as 𝑝 (𝑤𝑖 |𝑧𝑘 ).

Given a query 𝑞𝑇 , we obtained a score for each topic 𝑝 (𝑧𝑘 ) according to the Dirichlet-Multinomial
[19] log likelihood of 𝑞𝑇 belonging to 𝑧𝑘 as follows:

𝑝 (𝑧𝑘 ) =
(
Γ(𝑓 𝑧𝑘\𝑞𝑇 + |𝑊 |)∏ |𝑊 |

𝑖=1 Γ(𝑓 𝑧𝑘\𝑞𝑇
𝑖

+ 𝑓 𝑞𝑇
𝑖

+ 𝜃0)
Γ(𝑓 𝑧𝑘\𝑞𝑇 + 𝑓 𝑞𝑇 + |𝑊 |)∏ |𝑊 |

𝑖=1 Γ(𝑓 𝑧𝑘\𝑞𝑇
𝑖

+ 𝜃0)

)
,

where 𝑓 𝑧𝑘\𝑞𝑇 is the term count of the topic 𝑧𝑘 excluding the query 𝑞𝑇 ; 𝑓
𝑧𝑘\𝑞𝑇
𝑖

refers to the count of
the 𝑖th term; 𝑓 𝑞𝑇 is the term count in 𝑞𝑇 ; and 𝜃0 is obtained from the DHP.

Intuitively, latent topics that are more semantically related to the query 𝑞𝑇 would obtain higher
scores. We then chose the top 𝑁 terms from each of the 𝐾 topics for each query 𝑞𝑇 . Consequently,
a total of 𝑁 ∗ 𝐾 , forming𝑊 𝐷𝐻𝑃 , which was selected for contextual query augmentation. For each
term𝑤𝑖 , the score is calculated as below:

𝑝 (𝑤𝑖 |𝑤𝑖 ∈𝑊 𝐷𝐻𝑃 ) =
𝐾∑
𝑘=1

𝑝 (𝑤𝑖 |𝑧𝑘 ) · 𝑝 (𝑧𝑘 )

Step 2: Query augmentation model. Given 𝑞𝑇 , we retrieved 1000 ranked SERPs using Mi-
crosoft Bing Web Search API v77. A word embedding approach [39] was utilized to find terms that
were semantically related to 𝑞𝑇 for query augmentation. The Word2Vec Continuous Bag-of-Words
model [57] was trained using the contents of SERPs. We used the content and comment extractors8
of the Dragnet [50] to extract textual contents from SERPs. Words in the SERP collection are
represented by a vector ⃗⃗ ⃗⃗𝑤 embedded in a vector space. Similarities between terms are defined by
cosine similarities between these vectors. Therefore, the score of term 𝑤𝑖 given 𝑞𝑇 in the SERP
collection is:

𝑝𝑉𝑒𝑐 (𝑤𝑖 , 𝑞𝑇 ) = 𝑒𝑥𝑝 (𝑐𝑜𝑠 (
⃗⃗ ⃗⃗
𝑤,

⃗⃗
𝑞𝑇 )),

where ⃗⃗
𝑞𝑇 a term vector of 𝑞𝑇 .

This approach scores terms by their semantic similarity to 𝑞𝑇 as a whole. An alternative approach
involves treating each term 𝑞𝑇 𝑗 in the query as a vector [1, 18], denoted as ⃗⃗

𝑞𝑇 𝑗 , and rank terms in
7https://azure.microsoft.com/en-us/services/cognitive-services/bing-web-search-api/
8https://github.com/dragnet-org/dragnet
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the SERP collection according to 𝑐𝑜𝑠 ( ⃗⃗ ⃗⃗𝑤, ⃗⃗𝑞𝑇 𝑗 ). These similarity scores were summed and softmax-
normalized to yield another score for term𝑤𝑖 :

𝑝𝑆𝑢𝑚 (𝑤𝑖 , 𝑞𝑇 ) =
∑
𝑞𝑇 𝑗 ∈𝑞𝑇

𝑐𝑜𝑠 ( ⃗⃗ ⃗⃗𝑤, ⃗⃗𝑞𝑇 𝑗 )

We sum-normalize these terms’ scores produced by the two approaches {𝑉𝑒𝑐, 𝑆𝑢𝑚} to obtain
the a combined score distribution over terms, denoted as𝑊 𝑆𝐸𝑅𝑃 . For each𝑤𝑖 ∈𝑊 𝑆𝐸𝑅𝑃 , the score is
calculated as below:

𝑝 (𝑤𝑖 |𝑤𝑖 ∈𝑊 𝑆𝐸𝑅𝑃 ) = 𝑝𝑉𝑒𝑐 (𝑤𝑖 , 𝑞𝑇 ) + 𝑝𝑆𝑢𝑚 (𝑤𝑖 , 𝑞𝑇 )

Step 3: Re-rank the query augmentation model using the context model. The model
producing𝑊 𝑆𝐸𝑅𝑃 contains useful information for inferring users’ search intention, but does not
have contextual information. Therefore, we integrated𝑊 𝐷𝐻𝑃 with𝑊 𝑆𝐸𝑅𝑃 by union of the two
sets of terms. If a term appearred in both𝑊 𝐷𝐻𝑃 and𝑊 𝑆𝐸𝑅𝑃 , we multiplied its score from the two
sets, or assigned a 0 score otherwise. The formula for re-ranking query augmentation terms is as
follows:

𝑝 (𝑤𝑖 ) = 𝑝 (𝑤𝑖 |𝑤𝑖 ∈𝑊 𝐷𝐻𝑃 ) · 𝑝 (𝑤𝑖 |𝑤𝑖 ∈𝑊 𝑆𝐸𝑅𝑃 )
Terms were ranked by sorting 𝑝 (𝑤𝑖 ) in descending order, that is, terms that are more semantically

related to the user context would be ranked higher. We chose the top 𝑁 terms to expand the original
query.

6 CONDITIONS
To study whether more context helps in query augmentation, we tested the model in varying
conditions: the control condition, the query augmentation condition, the search context condition,
the non-search context condition, the comprehensive context condition, and the application-specific
context condition. Table 5 shows model configurations in these conditions, which are described in
more detail below.

• Control condition. The initial ranking from the Bing search engine was used as a control
condition. Rankings were obtained by sending a search request using the original query to
Bing API to retrieve 1000 ranked Web documents.

• Query augmentation (QAug) condition. A query augmentation model with no contextual
information was utilized in this condition.

• Search context condition. Search history was leveraged for contextual query augmentation.
In this condition, a search history model was utilized.

• Non-search context condition. Interaction history excluding the searches was leveraged
for contextual query augmentation. In this condition, a non-search history model was utilized.

• Comprehensive context condition. All interaction history was leveraged for contextual
query augmentation. In this condition, a comprehensive context model was utilized.

• Application-specific context condition.Application-specific interaction historywas lever-
aged for contextual query augmentation. In this condition, an application-specific model was
utilized.

7 EXPERIMENT 1: EFFECT OF CONTEXTWINDOW
The purpose of the first experiment was twofold: first, to study the effect of a context window on
the model performance in general; and second, to understand the effect of a context window on
the model performance with respect to various search intents.
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Experiment 1 Experiment 2
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Search history - - ✓ - ✓ - - - - - -
Social - - - ✓ ✓ ✓ - - - - -
Office - - - ✓ ✓ - ✓ - - - -
Local - - - ✓ ✓ - - ✓ - - -
E-commerce/learning - - - ✓ ✓ - - - ✓ - -
Static Web - - - ✓ ✓ - - - - ✓ -
Rare Web - - - ✓ ✓ - - - - - ✓

Model

Context model - - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Context sizes - - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Query augmentation model - ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Bing API ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 5. Configurations of each compared condition. Contextual query augmentation model with context
sources: search history and application-specific interaction histories are additive.

7.1 Measures
We used Mean Average Precision (𝑀𝐴𝑃 ) at 𝐾 as an evaluation metric because it has been widely
used in query augmentation research [11, 15]. For each query 𝑞𝑇 , we first calculated 𝑃𝑟𝑒𝑐@𝐾 which
is the fraction of clicked documents within the top 𝐾 results. Then, we averaged all 𝑃𝑟𝑒𝑐@𝐾 scores
where each 𝐾 is in the range of 1 to 𝐾 . Finally, we computed a mean of all the queries’ averages of
𝑃𝑟𝑒𝑐@𝐾 to obtain𝑀𝐴𝑃 . More specifically, the𝑀𝐴𝑃 for each user is computed as follows:

𝑀𝐴𝑃 =
1
|𝑄 |

∑
𝑞𝑡 ∈𝑄

1
𝐾

𝐾∑
𝑘=1

𝑃𝑟𝑒𝑐@𝐾 (𝑞𝑇 ),

where 𝑄 is a set of queries, 𝐾 is chosen as 𝐾 = 5.
In addition to𝑀𝐴𝑃 , we also used mean first rank (𝑀𝐹𝑅) to evaluate the models.𝑀𝐹𝑅 is measured

as the average of the rank positions of first relevant documents of all queries. In this research, we
used the last-clicked documents when computing𝑀𝐹𝑅 as we believe the last clicked document is
more likely to be relevant than the first.𝑀𝐹𝑅 is a commonly used metric as the quality criterion
for measuring the retrieval performance in Web search [25]. We computed𝑀𝐹𝑅 by ranks of the
top-100 retrieved documents, which means𝑀𝐹𝑅 ranges between 1 to 100 and a lower𝑀𝐹𝑅 was
better. If the last-clicked document was not within top 100 documents, we considered its rank as
101. Given the set of queries 𝑄 , the MFR for each user is defined as follows:

𝑀𝐹𝑅 =
1
|𝑄 |

|𝑄 |∑
𝑖=1

𝑟𝑎𝑛𝑘𝑖 ,

where 𝑟𝑎𝑛𝑘𝑖 is the rank position of the last clicked document for the 𝑖-th query.
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7.2 Significance Tests
We applied a paired-samples t-test to seek significant differences between the compared models.
Bonferroni correction was also applied to adjust for multiple comparisons. We used 𝑀𝐴𝑃 and
𝑀𝐹𝑅 as dependent variables; we used the control condition, the query augmentation condition,
the conditions with contextual query augmentation using varying context windows (10 minutes, 1
hour, 1 day) as independent variables. In addition, the Shapiro-Wilk tests for normality were also
conducted. Statistical analyses were performed with RStudio software (version 1.1.463)9.

7.3 Number of query expansion terms
We examined retrieval effectiveness of our models using the top one, two, and three query expansion
terms. The performances of both query augmentation and contextual query augmentation models
degraded when the number of expansion terms increased (ref. Table 12 in the Appendix). We
observed that when expanding with more than one term, the original query became over-specified,
thus introducing undesirable side effects on retrieval performance. For example, if the query
"apache lucene tutorial", if it is augmented as "apache lucene tutorial core" which is a more accurate
representation of user information need and requirement, more of the retrieved documents will be
related to tutorials of lucene core. However, if it is augmented with more than one expansion term,
as "apache lucene tutorial core demo package", few of the retrieved documents will be related to
tutorials, but most of them pertain to the demo module of lucene. As this experiment showed that
the performance can be improved greatly when using one expansion term, we used one expansion
term for the rest of Experiment 1 and also for Experiment 2.

7.4 Results
We performed a comparison of the retrieval performance of the control condition with no query
augmentation, the query augmentation condition with no contextualization, the query augmen-
tation in search context condition, the query augmentation in non-search context condition, and
the query augmentation in comprehensive context condition. Table 6 shows the results of this
comparison for each of the conditions using each context window (10 minutes, 1 hour, and 1 day).
Figure 4 presents the percentage of queries that performed well or worse on query augmentation
in terms of𝑀𝐹𝑅. Evaluation measures were computed over each participant and the results were
averaged. The standard deviations of the means are also reported.

7.4.1 Overall Performance. Contextual signals are useful in query augmentation, as indicated in
the results that 𝑀𝐴𝑃 and 𝑀𝐹𝑅 of query augmentation in the context conditions (search history
model, non-search history model, and comprehensive model) were significantly higher than the
control condition. However, no significant difference was found between the control condition and
the query augmentation condition when no context was considered.
Furthermore, comprehensive use of context generally has a positive effect when using a short

context window. This can be seen from the fact that the improvement in 𝑀𝐴𝑃 for the query
augmentation in comprehensive context condition is more substantial, compared with the query
augmentation in search context condition. More precisely, when using a 10-minute context window,
the query augmentation in search context condition has a lower performance, possibly because the
search history at that time point is sparse (𝑀𝐴𝑃 = 0.155, 𝑝 = 0.02,𝑊 = 0.92). Retrieval performance
for the model in either the non-search context condition or the comprehensive context condition
showed a significantly better performance. 𝑀𝐴𝑃s are 0.180 (𝑝 = 0.00002,𝑊 = 0.97) and 0.179
(𝑝 = 0.00006,𝑊 = 0.94) respectively. The differences between the non-search context condition

9https://www.rstudio.com/
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Table 6. Retrieval performance of the context model, search history model, and the measure in terms of𝑀𝐴𝑃
and𝑀𝐹𝑅. All experiments were performed with context windows of 10 minutes, 1 hour, and 1 day. Values in
parentheses are standard deviations.

𝑀𝐴𝑃 𝑀𝐹𝑅

context window 10 minutes 1 hour 1 day 10 minutes 1 hour 1 day
Init (control) (i) 0.121 (0.058) 58.2 (12.5)
QAug (a) 0.142 (0.050) 50.7 (13.3)
vs. (i) p-value 1 1

Search (s) 0.155 (0.048) 0.168 (0.048) 0.161 (0.052) 45.5 (13.7) 44.4 (14.1) 45.1 (14.4)
vs. (i) p-value 0.02 0.0005 0.002 0.004 0.001 0.001
vs. (a) p-value 1 0.2 1 0.1 0.08 1

Non-search (ns) 0.180 (0.051) 0.165 (0.043) 0.163 (0.043) 41.2 (10.4) 43.8 (12.3) 42.4 (10.9)
vs. (i) p-value 0.00002 0.002 0.008 0.0004 0.001 0.0006
vs. (a) p-value 0.01 0.6 1 0.02 0.06 0.2
vs. (s) p-value 0.002 1 1 1 1 1

Comprehensive 0.179 (0.051) 0.178 (0.049) 0.173 (0.048) 39.8 (11.1) 40.0 (9.4) 41.2 (13.7)
vs. (i) p-value 0.00006 0.00008 0.0004 0.0002 0.0006 0.0004
vs. (a) p-value 0.02 0.04 0.01 0.004 0.01 0.001
vs. (s) p-value 0.008 1 1 0.2 1 1
vs. (ns) p-value 1 0.2 1 1 1 1

Fig. 4. The percentage of queries have ranks of last-clicked documents changed from the control condition
(ref.𝑀𝐹𝑅 in Table 6)

and the search context condition; and between the comprehensive context condition and the search
context condition were also significant; 𝑝-values are 0.002 and 0.008 respectively.
Results for longer contexts (1 hour and 1 day) show that the performance of the search history

model improved as more contextual information became available.𝑀𝐴𝑃s are 0.168 (𝑊 = 0.93) and
0.161 (𝑊 = 0.91) for the query augmentation in search context condition when using 1-hour and
1-day respectively, and were significantly higher than in the control condition (𝑝 = 0.0005 and
𝑝 = 0.002). In addition, the query augmentation in non-search context condition also has a higher
performance, compared to the control condition.𝑀𝐴𝑃s are 0.165 (𝑊 = 0.92) and 0.163 (𝑊 = 0.94)
for the non-search context model with 1-hour and 1-day respectively. Differences between the
non-search context condition and the control condition were significant (𝑝 = 0.002, 𝑝 = 0.008).
Likewise, the query augmentation in comprehensive context condition also performed better than
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that in the control condition. MAPs are 0.178 (𝑊 = 0.91) and 0.173 (𝑊 = 0.94) for the comprehensive
context model when using 1-hour and 1-day context windows, respectively. Differences between the
comprehensive context condition and the control condition were also significant (𝑝 = 0.00008 and
𝑝 = 0.0004). However, differences among the conditions with the models using different contextual
signals (search, non-search, and comprehensive) were not significant. No significant differences
were found among the contextual query augmentation using different context windows. Therefore
we can conclude that using more extensive sources is quite beneficial but can only help to address
the sparsity of short-term context in search history.
From another perspective, the results for 𝑀𝐹𝑅 confirm the effectiveness of the comprehensive

context model. With varying context windows, the query augmentation in comprehensive context
condition performed better than both the query augmentation condition with no contextualization
and the control condition. In general, the results show that the model in comprehensive context
condition improved search ranking by ranking the last-clicked document at higher position (𝑀𝐹𝑅 =

39.8, 40.0, 41.2 for 10-minute, 1-hour, 1-day context window respectively), whereas,𝑀𝐹𝑅 for the
model in search context condition has a lower performance (𝑀𝐹𝑅 = 45.5, 44.4, 45.1 for 10-minute,
1-hour, 1-day context window respectively). We did not see improvements with the search history
model over the query augmentation without contextualization model.
These results can be further explained by inspecting the percentage of queries for which the

𝑀𝐹𝑅 performance is improved or worse than the control condition in Figure 4. For the model
in comprehensive context condition, 48%, 49%, and 42% of the queries showed an improved per-
formance when using 10-minute, 1-hour, and 1-day context windows respectively, whereas for
the model in the search context condition, the percentage of queries positively affected by query
augmentation remains almost the same, despite the growing amount of contextual information
used. Around 38%-39% of queries have the rankings of the last-clicked documents improved in
search context condition.
Such results suggest that the comprehensive context can provide more useful information for

improving retrieval performance than using the search history alone. We believe this improvement

Table 7. Retrieval performance by search intent types in terms of𝑀𝐴𝑃 and𝑀𝐹𝑅.
𝑀𝐴𝑃 𝑀𝐹𝑅

context window 10 minutes 1 hour 1 day 10 minutes 1 hour 1 day
Init (control) (i) 0.079 (0.042) 64.2 (14.1)
QAug (a) 0.122 (0.040) 52.9 (13.5)
vs. (i) p-value 0.2 0.3

Search (s) 0.128 (0.048) 0.141 (0.038) 0.135 (0.049) 48.8 (13.4) 47.7 (14.7) 49.1 (13.6)
vs. (i) p-value 0.07 0.001 0.01 0.01 0.01 0.01
vs. (a) p-value 1 0.5 1 0.5 1 1

Non-search (ns) 0.148 (0.046) 0.132 (0.031) 0.134 (0.032) 42.6 (10.8) 46.1 (13.3) 46.4 (9.5)
vs. (i) p-value 0.0004 0.0002 0.0003 0.003 0.005 0.004
vs. (a) p-value 0.9 1 1 0.2 0.3 0.5
vs. (s) p-value 1 1 1 0.9 1 1

Comprehensive 0.149 (0.052) 0.144 (0.054) 0.147 (0.047) 41.9 (11.1) 42.1 (11.1) 40.5 (11.4)
vs. (i) p-value 0.001 0.004 0.0001 0.001 0.003 0.00006
vs. (a) p-value 0.6 1 1 0.09 0.07 0.0004
vs. (s) p-value 0.9 1 1 0.3 1 0.01
vs. (ns) p-value 1 1 1 1 1 0.03

(a) Informational intent
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𝑀𝐴𝑃 𝑀𝐹𝑅

context window 10 minutes 1 hour 1 day 10 minutes 1 hour 1 day
Init (control) (i) 0.120 (0.121) 61.1 (19.2)
QAug (a) 0.166 (0.121) 49.4 (24.8)
vs. (i) p-value 1 1

Search (s) 0.186 (0.130) 0.202 (0.125) 0.192 (0.126) 41.9 (22.4) 42.8 (23.0) 40.2 (23.9)
vs. (i) p-value 0.09 0.01 0.07 0.03 0.01 0.03
vs. (a) p-value 1 1 1 1 1 1

Non-search (ns) 0.218 (0.127) 0.206 (0.112) 0.201 (0.133) 37.0 (17.4) 42.8 (23.5) 37.3 (21.4)
vs. (i) p-value 0.0006 0.04 0.04 0.02 0.04 0.04
vs. (a) p-value 0.9 0.9 1 0.9 1 0.5
vs. (s) p-value 0.9 1 1 1 1 1

Comprehensive 0.220 (0.127) 0.223 (0.128) 0.196 (0.136) 36.6 (17.6) 35.6 (17.1) 40.9 (21.4)
vs. (i) p-value 0.0006 0.0009 0.01 0.01 0.01 0.01
vs. (a) p-value 0.9 0.9 1 0.8 0.6 1
vs. (s) p-value 0.8 1 1 1 1 1
vs. (ns) p-value 1 1 1 1 1 1

(b) Transactional intent

𝑀𝐴𝑃 𝑀𝐹𝑅

context window 10 minutes 1 hour 1 day 10 minutes 1 hour 1 day
Init (control) (i) 0.238 (0.085) 44.2 (10.2)
QAug (a) 0.177 (0.084) 44.9 (11.0)
vs. (i) p-value 1 1

Search (s) 0.181 (0.073) 0.190 (0.079) 0.189 (0.076) 39.7 (11.7) 37.8 (12.8) 37.4 (15.1)
vs. (i) p-value 1 1 1 0.7 0.1 1
vs. (a) p-value 1 1 1 0.7 0.9 1

Non-search (ns) 0.214 (0.081) 0.200 (0.077) 0.190 (0.092) 38.7 (11.3) 40.4 (12.4) 37.8 (13.0)
vs. (i) p-value 1 1 1 0.9 1 0.2
vs. (a) p-value 1 1 1 1 1 1
vs. (s) p-value 1 1 1 1 1 1

Comprehensive 0.201 (0.083) 0.200 (0.083) 0.199 (0.096) 35.2 (10.9) 37.3 (12.1) 38.1 (10.2)
vs. (i) p-value 1 1 1 0.09 0.6 0.1
vs. (a) p-value 1 1 1 0.1 0.5 0.1
vs. (s) p-value 1 1 1 1 1 1
vs. (ns) p-value 1 1 1 1 1 1

(c) Navigational intent

is due to the additional information from non-search sources that is incorporated into the model.
In fact, the non-search context information is more beneficial when the model uses a short context
window (10-minute). As can be seen in the results, 46% of queries have the 𝑀𝐹𝑅 performance
improved when a 10-minute context window is used. The difference in𝑀𝐹𝑅 between the non-search
context condition and the query augmentation condition was also significant (𝑝 = 0.02,𝑊 = 0.96).
However, the differences among the context conditions (search, non-search, comprehensive context
condition) were not significant. Therefore, we believe that the model using search history alone
is already effective in improving the ranking of the last-clicked document. Integration of search
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context with non-search context may produce a better performance; in particular, immediate
(short-term) non-search contexts are most useful in improving query augmentation.

7.4.2 Intent-level Analysis. In this section, we explore the correlation between the query intents
and retrieval performance of query augmentation with the model using different context windows.
The results are shown in Table 7 and Figure 5.

(a) Informational

(b) Transactional

(c) Navigational
Fig. 5. The percentage of queries, by search intents, with ranks of last-clicked documents changed from the
control condition (ref.𝑀𝐹𝑅s in Table 7a, 7b, 7c).
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Here, we see that, in general, query augmentation performed well for queries with informational
and transactional intents (Tables 7a, 7b). However, we did not see any improvement with queries
with navigational intent (Table 7c); this is due to the fact that navigational queries are well-specified,
which mean that query augmentation may not have an effect on this type of query.

The results for query augmentation for informational intent shown in Table 7a indicates𝑀𝐴𝑃𝑠
are 0.141 and 1.35 for the model in the search context condition using 1-hour and 1-day context
windows (𝑝 = 0.001, 0.01;𝑊 = 0.93, 0.92 respectively). For queries with transactional intent, we
found an improvement with the search history model using 1-hour context window (𝑀𝐴𝑃 = 0.202,
𝑝 = 0.01,𝑊 = 0.93). The results show that the model in the search context condition improved
the performance when increasing the amount of search history being taken into account, as the
context became rich. On the other hand, we can see an overall positive effect of the comprehensive
context model across varying context windows with significant improvement over the control
condition. However, the difference in𝑀𝐴𝑃 between the comprehensive context condition and the
search context condition was not significant.

Furthermore, in terms of𝑀𝐹𝑅, all the models in context conditions (search, non-search, compre-
hensive) using 10-minute and 1-hour context windows performed equally well and improved over
the control condition for queries with informational and transactional intents. Over 41% of queries
with informational intent (Figure 5a) and over 45% of queries having transactional intent (Figure
5b) performed well on augmentation in the search context condition. Paired t-tests indicate the
differences between each context condition (search, non-search, comprehensive) and the control
condition were significant (𝑝 < 0.04). Increasing the amount of comprehensive context information
(1-day) led to a greater improvement in𝑀𝐹𝑅 for the queries with informational intent (Table 7a).
𝑀𝐹𝑅 is 40.5 (𝑊 = 0.96) for the model using comprehensive context with a 1-day context window;
this was also true for over 52% of queries with informational intent for which 𝑀𝐹𝑅 was better
than that of the control condition (Figure 5a). The difference between the comprehensive context
condition and the search context condition was significant (𝑝 = 0.01). This suggests that for better
ranking of the last-clicked documents, query augmentation would most benefits the queries with
informational intent when long-term contexts from search and non-search histories are combined.

8 EXPERIMENT 2: EFFECT OF APPLICATION SOURCE
The purpose of the second experiment was to understand how the source of contextual information
affectsWeb search performance. More simply, it tested whether the conditions with themodels using
different application-specific context generated based on the six sources of contextual information
can be useful in improving the quality of search results.

8.1 Measures and Significance Tests
Similarly to the first experiment, the main evaluation criterion in this experiment was retrieval
quality. We also used𝑀𝐴𝑃 and𝑀𝐹𝑅 to measure the effectiveness of contextual query augmentation.

A paired-samples t-test was applied to find significant differences between the compared models.
We also used𝑀𝐴𝑃 and𝑀𝐹𝑅 as dependent variables. We used the condition with the model using
application-specific context, the condition with the model using search history, the query augmen-
tation when no context was considered, and the control condition without query augmentation
as independent variables; we also used context windows and search intent types as independent
variables.
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Table 8. Retrieval performance of application-specific context models in terms of𝑀𝐴𝑃 and 𝑀𝐹𝑅. All experi-
ments were performed with context windows of 10 minutes, 1 hour, and 1 day. Values in parentheses are
standard deviations.

𝑀𝐴𝑃 𝑀𝐹𝑅

context window 10 minutes 1 hour 1 day 10 minutes 1 hour 1 day
Init (control) (i) 0.121 (0.058) 58.2 (12.5)
QAug (a) 0.142 (0.050) 50.7 (13.3)
Search (s) 0.155 (0.048) 0.168 (0.048) 0.161 (0.052) 45.5 (13.7) 44.4 (14.1) 45.1 (14.4)
Social 0.157 (0.042) 0.171 (0.045) 0.166 (0.047) 44.2 (10.6) 42.8 (8.9) 43.2 (10.4)
vs. (i) p-value 0.02 0.001 0.01 0.002 0.0004 0.0002
vs. (a) p-value 1 0.05 0.6 0.1 0.1 0.2
vs. (s) p-value 1 1 1 1 1 1

Office 0.164 (0.051) 0.172 (0.052) 0.163 (0.054) 44.4 (13.1) 41.5 (10.7) 42.5 (11.3)
vs. (i) p-value 0.002 0.0004 0.01 0.01 0.0002 0.0004
vs. (a) p-value 1 0.02 0.2 0.1 0.02 0.1
vs. (s) p-value 1 1 1 1 1 1

Local 0.156 (0.051) 0.167 (0.054) 0.167 (0.52) 45.1 (13.9) 43.7 (10.1) 42.0 (10.2)
vs. (i) p-value 0.01 0.001 0.002 0.006 0.0008 0.0002
vs. (a) p-value 1 0.08 0.08 0.1 0.6 0.06
vs. (s) p-value 1 1 1 1 1 1

E-commerce 0.159 (0.051) 0.173 (0.054) 0.170 (0.048) 45.0 (13.7) 43.7 (10.1) 45.6 (14.3)
vs. (i) p-value 0.01 0.0006 0.01 0.002 0.0006 0.002
vs. (a) p-value 0.4 0.02 0.01 0.1 0.4 0.8
vs. (s) p-value 1 1 1 1 1 1

Static Web 0.161 (0.056) 0.167 (0.053) 0.165 (0.056) 45.5 (14.6) 42.8 (10.4) 43.6 (11.4)
vs. (i) p-value 0.02 0.006 0.01 0.01 0.0002 0.001
vs. (a) p-value 0.4 0.08 0.1 0.6 0.1 0.4
vs. (s) p-value 1 1 1 1 1 1

Rare Web 0.168 (0.047) 0.174 (0.051) 0.162 (0.054) 43.5 (13.2) 41.6 (9.1) 43.5 (10.8)
vs. (i) p-value 0.002 0.002 0.06 0.0006 0.0001 0.0004
vs. (a) p-value 0.08 0.002 1 0.1 0.04 0.2
vs. (s) p-value 1 1 1 1 1 1

8.2 Results
In total, six different models with different types of contextual information were trained: Social
Application model, Office Application model, Local Application model, E-commerce/e-learning model,
Static Web model, and Rare Web model. An overview of the main results is shown in Table 8.

8.2.1 Overall Performance. The results, in general, indicate that the query augmentation in search
context condition had a lower performance than the model in other application-specific conditions.
The search history model was not able to outperform query augmentation with no contextualization,
whereas other application-specific models consistently improved the performance when larger
context windows were used. For instance, the results for the models in four application-specific
context conditions (Social Application, Office, E-commerce, and Rare Web) show that increasing
the amount of contextual information (by increasing the context window to 1 hour) led to greater
improvements in𝑀𝐴𝑃 . The differences between those application-specific context conditions and
the query augmentation condition were significant with 𝑝 < 0.05.
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Fig. 6. The percentage of queries in application-specific context conditions with ranks of last-clicked docu-
ments changed from the control condition (ref.𝑀𝐹𝑅 in Table 8)

The model in the E-commerce/learning context condition reached much higher𝑀𝐴𝑃 , in contrast
to other application sources. Surprisingly, the model was most effective when it used larger context
windows. From the results, we can see that the E-commerce/learning model steadily increased
its performance as more contextual information became available and reached high 𝑀𝐴𝑃s in
the 1-hour and 1-day context windows (𝑀𝐴𝑃𝑠 = 0.173, 0.170;𝑊 = 0.94, 0.92; and 𝑝 = 0.0006,
0.01 respectively). On the other hand, the search history model did not improve its performance
over increasing context windows as the search sessions may not have contained some of relevant
information that was only available in other specific-application context.

MFR results show similar improvements over the control condition for the models in application-
specific context conditions (𝑝 values < 0.01). Furthermore, the Local context condition and Rare
Web context condition have highest𝑀𝐹𝑅 values when the models used a 1-hour context window
and outperformed the query augmentation when no context was considered.𝑀𝐹𝑅s are 41.5, 41.6
for the Local context condition and Rare Web context condition (𝑝 = 0.02, 0.04 respectively). We
also observed that 46% of queries in those context conditions showed a better performance than
the control condition (ref. Figure 6). This suggests that the positive effect of using contextual
information comes from the use of interaction data captured from non-search applications.

8.2.2 Intent-level Analysis. The results in Tables 9, 10, 11 and Figures 7, 8, 9 show that the im-
provements for different types of queries are respective to the amount of application-specific
contexts used. In general, queries with informational and transactional intents achieved significant
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Table 9. The results for informational intent pertaining to the retrieval performance of application-specific
context models.

𝑀𝐴𝑃 𝑀𝐹𝑅

context window 10 minutes 1 hour 1 day 10 minutes 1 hour 1 day
Init (control) (i) 0.079 (0.042) 64.2 (14.1)
QAug (a) 0.122 (0.040) 52.9 (13.5)
Search (s) 0.128 (0.048) 0.141 (0.038) 0.135 (0.049) 48.8 (13.4) 47.7 (14.7) 49.1 (13.6)
Social 0.134 (0.033) 0.145 (0.031) 0.146 (0.035) 46.6 (9.5) 44.7 (9.0) 45.2 (8.1)
vs. (i) p-value 0.003 0.0008 0.002 0.02 0.003 0.004
vs. (a) p-value 1 1 0.1 0.7 0.1 0.8
vs. (s) p-value 1 1 1 1 1 1

Office 0.138 (0.042) 0.143 (0.036) 0.132 (0.042) 47.0 (13.4) 45.5 (15.4) 46.9 (12.4)
vs. (i) p-value 0.001 0.0002 0.01 0.02 0.008 0.006
vs. (a) p-value 1 1 1 0.08 0.3 0.8
vs. (s) p-value 1 1 1 1 1 1

Local 0.130 (0.045) 0.135 (0.041) 0.140 (0.039) 48.5 (13.9) 49.2 (14.9) 47.6 (12.5)
vs. (i) p-value 0.03 0.002 0.002 0.02 0.05 0.01
vs. (a) p-value 1 1 0.7 0.08 1 1
vs. (s) p-value 1 1 1 1 1 1

E-commerce 0.125 (0.042) 0.138 (0.039) 0.138 (0.033) 49.2 (12.9) 50.1 (13.8) 48.9 (10.6)
vs. (i) p-value 0.07 0.001 0.005 0.04 0.06 0.01
vs. (a) p-value 1 1 1 1 1 1
vs. (s) p-value 1 1 1 1 1 1

Static Web 0.128 (0.049) 0.137 (0.045) 0.136 (0.042) 49.4 (13.7) 49.1 (15.4) 48.8 (12.6)
vs. (i) p-value 0.07 0.008 0.01 0.06 0.02 0.03
vs. (a) p-value 1 1 1 1 1 1
vs. (s) p-value 1 1 1 1 1 1

Rare Web 0.129 (0.042) 0.136 (0.046) 0.127 (0.050) 44.9 (10.2) 44.4 (9.6) 46.2 (9.6)
vs. (i) p-value 0.007 0.002 0.09 0.001 0.0001 0.002
vs. (a) p-value 1 1 1 0.3 0.3 1
vs. (s) p-value 1 1 1 1 1 1

improvements over the control condition, whereas we did not see improvement for queries having
navigational intent. Obviously, majority of queries with navigational intent already had optimal
value for a click metric (most clicks at position 1), because the user already had a particular URL
to find and was able to specify that in a query. However, even though the application-specific
context used was fragmented, for instance, accounting for user behavior on a particular type of
application, we still observed significant improvements in 𝑀𝐹𝑅 for all application-specific models,
which affected over 47% of all queries with informational intent (for example, query augmentation
in the Social context condition using 1-hour and 1-day contexts) and up to 55% of all queries with
transactional intent (for example, query augmentation in the Office context condition and in the
Static Web context condition using 1-hour and 1-day contexts).
Another important observation in the results for informational intent (Table 9) is that the

improvements in𝑀𝐴𝑃 for the query augmentation with the model using short-term information
(10-minute) in four context conditions (Social, Office, Local, and Rare Web) performed better than
the control condition (𝑝 < 0.03) whereas the model in the search context condition did not improve
over the control condition. 𝑀𝐴𝑃s are 0.134, 0.138, 0.130, 0.129 (𝑊 values > 0.91) for the models
using 10-minute window in the Social, Office, Local, and Rare Web context conditions, respectively.
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Fig. 7. The results for informational intent pertaining to the percentage of queries in application-specific
context conditions with ranks of last-clicked documents changed from the control condition (ref. 𝑀𝐹𝑅 in
Table 9)

Finally, the results for transactional intent in Table 10 show consistent improvements in different
application-specific context conditions with the model using a 1-day context window, apart from
the Social context condition. The differences between each application-context condition and the
control condition were statistically significant (𝑝 values < 0.01). However, no significant differences
were found between each application-specific context condition and the search context condition.
The result suggests that the models incorporating application-specific contexts and search context
may have had access to equally effective information, and as expected, their performances were
not statistically different.

9 FINDINGS
We demonstrated the advantage of our contextual query augmentation methods in retrieval perfor-
mance. The results revealed interesting dependencies between the context windows and application
sources. In the following, we distill generalizable findings from the results and reflect on the research
questions defined earlier.

RQ1. Does comprehensive use of context improve retrieval performance? Yes, as indi-
cated, the context from more extensive sources improved the effectiveness of query augmentation.

Finding 1: Current user modeling approaches in previous studies [26, 47, 49] based on simple
behavioral traits, such as clicks or dwell-time on search systems have been shown to be effective, but

ACM Transactions on Information Systems, Vol. 1, No. 1, Article 1. Publication date: January 2021.



Does More Context Help? Effects of Context Window and Application Source on Retrieval Performance 1:29

Table 10. The results for transactional intent pertaining to the retrieval performance of application-specific
context models.

𝑀𝐴𝑃 𝑀𝐹𝑅

context window 10 minutes 1 hour 1 day 10 minutes 1 hour 1 day
Init (control) (i) 0.120 (0.121) 61.1 (19.2)
QAug (a) 0.166 (0.121) 49.4 (24.8)
Search (s) 0.186 (0.130) 0.202 (0.125) 0.192 (0.126) 41.9 (22.4) 42.8 (23.0) 40.2 (23.9)
Social 0.193 (0.127) 0.205 (0.126) 0.194 (0.146) 44.4 (20.7) 45.1 (19.5) 43.4 (21.7)
vs. (i) p-value 0.06 0.03 0.09 0.1 0.1 0.1
vs. (a) p-value 1 1 1 1 1 1
vs. (s) p-value 1 1 1 1 1 1

Office 0.195 (0.136) 0.202 (0.142) 0.203 (0.138) 38.0 (21.4) 38.7 (19.6) 37.1 (21.4)
vs. (i) p-value 0.01 0.009 0.01 0.05 0.02 0.03
vs. (a) p-value 1 1 1 1 1 0.5
vs. (s) p-value 1 1 1 1 1 1

Local 0.190 (0.128) 0.202 (0.122) 0.207 (0.131) 41.7 (23.1) 41.8 (20.5) 37.3 (21.5)
vs. (i) p-value 0.06 0.02 0.01 0.02 0.007 0.03
vs. (a) p-value 1 1 1 1 1 0.5
vs. (s) p-value 1 1 1 1 1 1

E-commerce 0.186 (0.126) 0.205 (0.126) 0.215 (0.129) 41.0 (22.7) 38.8 (20.8) 37.9 (23.9)
vs. (i) p-value 0.06 0.02 0.004 0.02 0.01 0.03
vs. (a) p-value 1 1 1 0.4 0.1 0.5
vs. (s) p-value 1 1 1 1 1 1

Static Web 0.189 (0.126) 0.202 (0.124) 0.197 (0.143) 42.2 (23.2) 37.3 (18.9) 37.9 (21.6)
vs. (i) p-value 0.06 0.03 0.01 0.03 0.002 0.01
vs. (a) p-value 1 1 1 1 1 1
vs. (s) p-value 1 1 1 1 1 1

Rare Web 0.215 (0.119) 0.217 (0.114) 0.202 (0.119) 40.1 (24.5) 39.4 (22.4) 36.8 (19.9)
vs. (i) p-value 0.01 0.007 0.01 0.05 0.03 0.01
vs. (a) p-value 1 1 1 1 1 0.4
vs. (s) p-value 0.5 0.7 1 1 1 1

are still missing many important sources for context modeling. We find from the results that search
history is an effective source of contextual information, but comprehensive context can be used to
complement or replace search history when extensive search history is not available. The finding
suggests that there are many useful sources of context and that if they are available to the search
system, it may be possible to address many cold-start problems [24]. In contrast, incorporating a
longer search history is effective in improving retrieval performance as more context information
becomes available, with an increase in click metrics: 13% improvement in𝑀𝐴𝑃 (from 0.128 to 0.141
with 1-hour context window) (ref. Table 6) and by fetching the last-clicked document to a higher
position for up to 39% of the queries (1-hour context window) (ref. Figure 4). However, additional
source information did not improve results when more extensive search history was available.

Finding 2: Queries with informational intent could be impacted by the use of more contextual
information. Context models based on long-term behavior from more extensive sources presented
a significant opportunity to improve search performance for queries with informational intent.
For example, 51% of queries with informational intent received more improvements in terms of
𝑀𝐹𝑅 with the model using the comprehensive context than the model using search history (ref.
Table 7a), but only long-term behavior was useful. On the other hand, the use of more contextual

ACM Transactions on Information Systems, Vol. 1, No. 1, Article 1. Publication date: January 2021.



1:30 Vuong et al.

Fig. 8. The results for transactional intent pertaining to the percentage of queries in application-specific
context conditions with ranks of last-clicked documents changed from the control condition (ref. 𝑀𝐹𝑅 in
Table 10)

information did not provide more benefits, compared to the model using search history when the
queries were of transactional intent. Although the proportion of transactional queries affected by
comprehensive contextualization was relatively large (55% - 59% of queries had an improved ranking
in the comprehensive context condition, ref. Table 7b and Figure 5b), the improvement in terms of
𝑀𝐹𝑅 was not significant. In addition, the use of contextual information in query augmentation did
not help in improving retrieval quality for queries with navigational intent (ref. Table 7c). A similar
finding has been reported in the prior work [14] in which query augmentation had no effect on
searches with navigational intent.

RQ2. Does the source of contextual information affect Web search performance? Yes,
the results in Experiment 2 show that contexts derived from different application sources affected
retrieval performance but the results varied across the context windows and the search intents.

Finding 3: We found that the different application sources of context information are all impor-
tant, but we did not find differences to support any specific source that would improve performances
across different queries. Therefore, it seems that the user context should not be limited to the
information available on the search systems themselves, but there are many equally good sources of
contextual information that can be leveraged for query augmentation. However, the best-performing
contextual sources for modeling varied in their performance with respect to temporal length of
context. Different context windows should be assigned to each source depending on whether
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Table 11. The results for navigational intent pertaining to the retrieval performance of application-specific
context models.

𝑀𝐴𝑃 𝑀𝐹𝑅

context window 10 minutes 1 hour 1 day 10 minutes 1 hour 1 day
Init (control) (i) 0.238 (0.085) 44.2 (10.2)
QAug (a) 0.177 (0.084) 44.9 (11.0)
Search (s) 0.181 (0.073) 0.190 (0.079) 0.189 (0.076) 39.7 (11.7) 37.8 (12.8) 37.4 (15.1)
Social 0.184 (0.079) 0.200 (0.082) 0.192 (0.080) 39.4 (12.5) 39.3 (11.1) 39.3 (15.6)
vs. (i) p-value 0.6 1 1 1 0.1 1
vs. (a) p-value 1 1 1 1 1 1
vs. (s) p-value 1 1 1 1 1 1

Office 0.193 (0.076) 0.208 (0.086) 0.197 (0.086) 39.6 (10.5) 36.8 (13.2) 38.1 (15.4)
vs. (i) p-value 1 1 1 0.1 0.07 0.9
vs. (a) p-value 1 0.3 0.1 1 0.8 1
vs. (s) p-value 1 1 1 1 1 1

Local 0.187 (0.074) 0.196 (0.086) 0.193 (0.085) 38.9 (11.1) 38.1 (12.4) 35.4 (12.9)
vs. (i) p-value 1 1 1 0.3 0.06 0.06
vs. (a) p-value 1 1 1 0.3 1 0.2
vs. (s) p-value 1 1 1 1 1 1

E-commerce 0.199 (0.082) 0.213 (0.092) 0.194 (0.086) 38.2 (12.2) 37.3 (11.9) 40.2 (15.7)
vs. (i) p-value 1 1 1 0.06 0.06 1
vs. (a) p-value 1 0.6 1 1 0.5 1
vs. (s) p-value 1 1 1 1 1 1

Static Web 0.199 (0.086) 0.194 (0.075) 0.194 (0.081) 38.4 (12.0) 38.5 (12.6) 38.6 (13.9)
vs. (i) p-value 1 1 1 0.1 0.2 0.7
vs. (a) p-value 1 1 1 0.4 1 3
vs. (s) p-value 1 1 1 1 1 1

Rare Web 0.210 (0.081) 0.213 (0.082) 0.196 (0.085) 40.5 (11.4) 39.5 (12.9) 40.2 (14.5)
vs. (i) p-value 1 1 1 1 1 1
vs. (a) p-value 0.2 1 1 1 1 1
vs. (s) p-value 1 1 1 1 1 1

the system is contextualizing a Web search or recommending documents that are relevant to the
immediate situation, the current work task, or the user’s long-term interests. For example, Table 8
demonstrates that a certain amount of contexts with a particular application source are required
to obtain high retrieval performance (e.g., the Social and Office application models should use
short-term behavior, whereas the E-commerce/learning model should use long-term behavior).

Finding 4: The observed variation in model performance for each of the three context windows
suggests that different sources of contextual information may be suited to different queries. For
example, for a query with informational intent, the search system should leverage short-term
contextual information sourced from email conversations, local documents, or one-time Webpage
visits. One possibility is that, because the goal of informational tasks is to find useful information
for the current primary task, in which the information provided by contextual snippets of the task
is more relevant for queries with informational intents, such as details of conversations or editing
documents would be related to the site content that the user would want to locate from the search
results. This finding aligns with the early finding [35], in which previously seen documents before
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Fig. 9. The results for navigational intent pertaining to the percentage of queries in application-specific
context conditions with ranks of last-clicked documents changed from the control condition (ref. 𝑀𝐹𝑅 in
Table 11)

the query while the user engaged in an information-intensive task could be used to model search
intent, leading to improved quality of retrieval results. However, if the system needs to better
understand, model, and serve searchers’ information needs for a query with transactional intent,
long-term behaviors from online learning, e-commerce transactions, office productivity software,
or static Web pages should be used.

10 DISCUSSION AND CONCLUSION
We studied the effectiveness of different sources of information and their lengths for context
modeling and query augmentation. The data were collected using a novel methodology via the
continuous capturing of participants’ computer screens over 14 days. Our research improves our
understanding of the importance of different types of context and application sources in retrieval
performance.

10.1 Implications
The implications of our findings are striking, as they reveal interdependencies between the retrieval
performance of query augmentation and the type of contextual signals (long- or short-term, various
application sources) used to construct the predictive model. We foresee implications for using
contextual information to support researchers in designing user studies and experiments, and for
practitioners designing information access systems, as well as privacy preservation strategies.

ACM Transactions on Information Systems, Vol. 1, No. 1, Article 1. Publication date: January 2021.



Does More Context Help? Effects of Context Window and Application Source on Retrieval Performance 1:33

10.1.1 Designing user studies and experiments. The results indicate that simple search history
and Web browsing actions may not be representative of users’ real underlying behaviors. This
may have set limits on the current experimental paradigm and the datasets used in information
retrieval experimentation. Our findings showed that user search intent within ten minutes could
be predicted by various contextual information sourced from local documents and applications,
suggesting that user topical interest may not change within a short period of time. The high
effectiveness of comprehensive context in predicting user information needs within ten minutes
may be due to its consideration of the current primary task. As comprehensive context contains
more information than search context, it is more likely able to include more task information that
could appear in other non-search applications. The effectiveness of comprehensive contexts in
predicting longer-term search intent for queries with informational intent is likely due to the ability
to access large amounts of long-term information of a user. Such knowledge can help researchers to
design experiments with more face validity. Given the assigned work task and its potential queries,
contextual evidence sourced from different local applications and Web services can be leveraged
and an appropriate duration for the task can be established accordingly to improve the lab-based
experiments.

10.1.2 Designing information access systems. There are differences between query intents and
applications that affect the kind of context useful for modeling user information needs. Our findings
showed that there are distinct query sets for which different context models and sources perform
most effectively, suggesting that query information is likely important in selecting sources and
temporal contextual lengths. The richer models that we developed can be used to interpret a
user’s search intent for a wide variety of search applications, including proactively retrieving
information of likely interest to the user, suggesting useful queries contextually, or document
ranking and filtering. Search systems could also use the context model and assign a source and
context window based on the query to improve the quality of search rankings, by promoting
results that are consistent with the inferred user intent. The systems may need to vary the sources
depending on the modeling task, e.g., short-term models should use recently opened documents,
emails, and instance messages; whereas long-term models should use information from learning
activities and historical online transactions.

10.1.3 Designing privacy preservation strategies. Our research has implications for the implementa-
tion of data minimization and retention requirements of some regulations for data protection and
privacy. In particular, our study shows that, in most cases, only short-term behavior from a limited
set of applications is sufficient for effective query augmentation. For queries with navigational
intent, more specifically, using contextual information does not always yield an improvement.
For other types of queries, short-term behaviors from a wider range of applications may yield
benefits. Longer-term behaviors from many applications, however, may not be needed and may
even negatively affect the performance. As previous research has demonstrated [68], users are
often reluctant to share information with a search system and they do not understand why certain
auto-complete queries have been suggested or where they came from. Future work on search
systems may consider providing users with various privacy thresholds and their explanations for
suggestions, and allow them to freely explore the relationship between privacy preservation, con-
textual sources, and search quality. Furthermore, past work on privacy-aware web search [71, 74]
largely focused on complex mechanisms that bundled the entire user profile and placed the user
in a critical role for profiling (by allowing the users to choose the degree of detail of their profile
information to be exposed to the search engine). Our study indicates that a much simpler approach
that leaves out some aspects of the user activity for profiling could offer similar acceptable search
quality.
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10.2 Limitations & Future Work
This study presents some limitations which may have some impact on the generalizability of the
results. This study was carried out as part of a field study, and because of this, followed an unusual
experimental procedure. Two of the more important aspects of this procedure that might have
impacted our results are that some of the user behaviors may have been restrained on purpose, due
to the fact that users were fully aware that their digital activities were being tracked, and the two-
week monitoring period may not reflect the entire blueprint of their behaviors, including activity
changes due to seasons/holidays or monthly routines. Furthermore, while the 14-day digital activity
monitoring of 13 participants resulted in large data, consisting of nearly 250,000 screen frames, it
was a fairly small sample compared to what could be sourced from longer term instrumentation with
a larger population. Although the potential impact of the experimental procedure and recruitment
on the validity and reliability of our results cannot be ignored, we feel that our results are important
and make an essential contribution to the research on query augmentation and user modeling.
The observed differences in this study may be related to the nature of the sources that were

selected. For example, it may have been better to also include user behaviors on smartphones
and spoken conversations between people in the analysis. However, given that this study was
computer-based, and that we had extracted all available texts in all applications, the definitions of
context we adopted here seem reasonable.
Another limitation is the use of the non-personalized Bing Search API as a control condition.

There could be other machine learning models that perform better than the one Bing service
employs. Our aim was not to propose a new model which would need comparison with other
state-of-the-art approaches, rather it was to study the effect of the more contextual information and
application sources in improving query augmentation. Here, we are more interested in the effects
of the different data inputs instead of a particular model’s performance. Therefore, every other
variable (e.g., model choices or the impact of long-term user behavior prior to the experiments)
was kept the same in all conditions. Comparing different machine learning models is a subject for
future work.

Future work is also necessary to determine how best to combine sources or use them separately,
including using unsupervised machine learning to automatically determine source weights. Other
types of context, such as short- and long-term spoken conversations between people [62], or
user profiles (gender, age, ethnicity, locality), can be studied in personal and collaborative search
scenarios [2]. The importance of other situational contexts, such as user device or location can also
be explored in the future. Another direction is to deepen our findings. For this, we suggest a larger
data set collected to statistically analyze the explanatory power of different variables.
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A APPENDIX

Table 12. Retrieval performance in terms of𝑀𝐴𝑃 and𝑀𝐹𝑅. Statistically significant differences with the initial
ranking (control), the language model, and search history model, non-search history model; and 10-minute,
1-hour, and 1-day context sizes are marked with "𝑖", "𝑎", "𝑠", "𝑛", "𝑚", "ℎ", "𝑑" respectively.

expansion terms 1 term 2 terms 3 terms
context window 10m 1h 1d 10m 1h 1d 10m 1h 1d
Init (control) .121
QAug (a) .142 .125 .115
Search (s) .155𝒊 .168𝒊 .161𝒊 .139 .142 .141 .120 .130 .130
Nonsearch .180𝒊,𝒂𝒔 .165𝒊 .163𝒊 .163𝒊,𝒂 .145 .140 .149𝒂,𝒅 .129 .115
Comprehensive .179𝒊,𝒂𝒔 .178𝒊,𝒂 .173𝒊,𝒂 .167𝒊,𝒂𝒔 .159𝒊,𝒂 .151𝒊 .157𝒊,𝒂

𝒔,𝒅
.149𝒂 .133

(a) 𝑀𝐴𝑃

expansion terms 1 term 2 terms 3 terms
context window 10m 1h 1d 10m 1h 1d 10m 1h 1d
Init (control) 58.2
QAug (a) 50.7 59.3 63.1
Search 45.5𝒊 44.4𝒊 45.1𝒊 52.3 51.1 51.5 57.3 53.5𝒂 54.1𝒂

Nonsearch 41.2𝒊,𝒂 43.8𝒊 42.4𝒊 48.2𝒂 50.3𝒂 50.7 49.5𝒍 54.7𝒂 55.1
Comprehensive 39.8𝒊,𝒂 40.1𝒊,𝒂 42.1𝒊,𝒂 45.7𝒊,𝒂𝒔 46.7𝒂 46.1𝒊,𝒂 47.1𝒊,𝒂 47.4𝒊,𝒂 52.5𝒂

(b) MFR
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Fig. 10. Performance in terms of𝑀𝐴𝑃 by query length

(a) Overall Performance

(b) Informational Queries
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(c) Transactional Queries

(d) Navigational Queries

ACM Transactions on Information Systems, Vol. 1, No. 1, Article 1. Publication date: January 2021.


	Abstract
	1 Introduction
	2 Background
	2.1 Contextual information in Web search
	2.2 Roles of context windows
	2.3 Roles of application sources

	3 Data Collection Study
	3.1 Apparatus
	3.2 Participants
	3.3 Ethics
	3.4 Screen Recording and Digital Activity Monitoring
	3.5 Results

	4 Data Annotation and Classification
	4.1 Query and Clicked Document Link Extraction
	4.2 Query Classification
	4.3 Application Classification
	4.4 Data Pre-processing

	5 Contextual Query Augmentation
	5.1 Dirichlet-Hawkes processes
	5.2 Modeling Technique

	6 Conditions
	7 Experiment 1: Effect of context window 
	7.1 Measures
	7.2 Significance Tests
	7.3 Number of query expansion terms
	7.4 Results

	8 Experiment 2: Effect of Application Source
	8.1 Measures and Significance Tests
	8.2 Results

	9 Findings
	10 Discussion and Conclusion
	10.1 Implications
	10.2 Limitations & Future Work

	11 Acknowledgments
	References
	A Appendix

