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Personalization of information retrieval (PIR) is aimed at
tailoring a search toward individual users and user groups
by taking account of additional information about users
besides their queries. In the past two decades or so, PIR
has received extensive attention in both academia and
industry. This article surveys the literature of personaliza-
tion in text retrieval, following a framework for aspects or
factors that can be used for personalization. The frame-
work consists of additional information about users that
can be explicitly obtained by asking users for their prefer-
ences, or implicitly inferred from users’ search behaviors.
Users’ characteristics and contextual factors such as
tasks, time, location, etc., can be helpful for personaliza-
tion. This article also addresses various issues including
when to personalize, the evaluation of PIR, privacy, usabil-
ity, etc. Based on the extensive review, challenges are dis-
cussed and directions for future effort are suggested.

Introduction

The information retrieval (IR) research community has
long agreed that major improvement of search performance
can only be accomplished by taking account of the users and
their contexts, rather than through proposing new retrieval
algorithms that have reached a plateau (cf., Keenoy & Levene,
2005; Sparck-Jones, 1995, 2000). As Dumais (2016) noted,
the traditional “one-size-fits-all” search strategy that returns
the same search results to the same query without considering
who submits it or under what circumstances limits search
engine performance in providing relevant search results.

An alternative to the traditional search strategy is personali-
zation of IR (PIR), which tailors search toward the individual
search and searcher (White, 2016). The idea of considering
users and their contexts for improving search effectiveness is
not new. For decades, various models in the interactive IR
field have incorporated this idea, such as Taylor’s (1968) ref-
erence interview, Belkin’s (1980) ASK (Anomalous State of
Knowledge) model, and Dervin’s (1992) sense-making the-
ory, to name a few. However, most search engines had offered
no or limited personalization features by 2001 (Khopkar,
Spink, Giles, Shah, & Debnath, 2003), and only until recent
years has personalization been employed in operational sys-
tem design, for example, search engines return results or sug-
gest queries based on the searcher’s location if one is
searching for weather, restaurants, and so on. Since then, PIR
has become increasingly popular and has attracted a rich
amount of effort in both academia and industry.

Personalization systems gather, store, and use information
about the users and their situations beyond search queries.
PIR is conducted by refining search queries and adapting sea-
rch results to particular users. Those documents that the cur-
rent users would desire are ranked toward the top of the result
lists. Making the users’ search experience as effective and
pleasurable as possible is the goal of personalization (Belkin,
2008), and the focus on users and their contexts makes per-
sonalized search a compelling area (Pitkow et al., 2002).

Ke, Deng, Ng, and Lee (2005) classified personalization
into three categories: content-based, link-based (e.g.,
PageRank), and function-based (c.f., Ng, Deng, & Lee, 2007).
Belkin (2008) pointed out that personalization could be
applied in various aspects including search result con-
tent, interface presentation, and search mode. Content
personalization has been the focus of personalization
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research and is accordingly the focus of the current sur-
vey of the literature.

This article reviews personalization approaches that use
both explicit and implicit sources (Table 1). Using explicit
relevance feedback (ERF) means to explicitly ask for users’
preference or interest of search terms, results liked, etc.
Because of its intrusive nature, ERF is not much favored by
users, although there are still attempts using it (Belkin, Cool,
Koenemann, Ng, & Park, 1996). On the other hand, implicit
relevance feedback (IRF) is used by most existing personali-
zation approaches (Kelly & Teevan, 2003). Implicit sources
help the system learn about user preference/interest by infer-
ring or predicting it from observable user behaviors (click,
browsing, dwelling time, etc.), and/or contextual factors (user
background, tasks, etc.).

Information search is usually conducted to reach a certain
goal at a given point in time and space, which altogether
form the “context” of the search, and this can be used to
enhance queries (Dumais, 2012). Backhausen (2012) noted
that in personalization, both behavioral and contextual infor-
mation are necessary. Although White (2016) differentiated
personalization (tailoring search to the individual searcher)
from contextualization (tailoring search to the searcher’s situ-
ation), he also acknowledged that the distinction between
them two is often blurred in the literature on mining and
modeling search behavior. The current article reviews the lit-
erature about both personalization and contextualization in
White’s (2016) notion, taking into consideration all factors
about the users and their contexts.

Although many researchers have noted that contextual
factors are important and should be taken into consideration
in IR research and system design (e.g., Belkin, 1993; Cool,
2001; Fan, Gordon, & Pathak, 2000; Croft, Cronen-
Townsend, & Lavrenko, 2001; Ingwersen & Javerlin, 2005;
Kelly, 2006a, 2006b; Dumais, 2007), Dervin (2003) pointed
out that context is a term that is most “often used,” least
“often defined,” and “when defined so variously” (p. 112).
Context has numerous definitions in various fields, and could
be of various types, for example, user context, software con-
text, document context, and network context (Goker,
Myrhaung, & Bierig, 2009). Allen (1996) stated that context
is not a single thing, but rather is a composite of things com-
prised of several elements or aspects. Kelly (2006a, 2006b)
highlighted the importance of Allen’s (1996) matrix meta-
phor about context and addressed its influence on most

discussion of context. Based on this, the current article uses
“context” as an umbrella term that includes a variety of fac-
tors about both the user (e.g., demographic, knowledge) and
their situations (e.g., tasks, time, location; more details in
subsequent sections).

This article reviews the literature following the structure
outlined in Table 1 after a description of personalization tech-
niques. Personalization approaches are introduced using ERF,
and IRF, respectively. Various issues in PIR follow, including
when to personalize, evaluation of PIR, privacy, and usability
issues. Based on the comprehensive survey, challenges of and
future directions for personalization are finally discussed.

Before concluding the Introduction section, the scope of the
current article is to be set. This article is a systematic review of
the work that has been done in personalization of IR, and it is
not intended to present any formal models in the way as was
done in Pasi (2010) and Ghorab, Zhou, O’Connor, and Wade
(2013). Personalization is a widely attended topic that has been
researched in multiple areas, including search engine design, e-
commerce (or e-business), human information interaction, and
so on. It is beyond the scope of this article to address all these
aspects, and indeed, some areas, such as recommender systems
used in e-commerce, deserve separate reviews on their own.
The focus of the current article is on personalization of text IR
that aims at providing the most relevant search results to search
queries, taking no account of the following:

• Collaborative filtering-based recommender systems
• Predefined customization based on user preference
• Personalization approaches in other contexts than searching,
such as e-learning

• Personalization of search in other media format, such as TV,
video, music

• Personalization of search on mobile-specific devices
• Personalization in the collaborative search scenario (the current
article only focuses on individual search scenario)

The relevant articles selected in this survey are from multi-
ple sources: databases (including ACM digital library, Library
and Information Science Abstracts, PsycINFO, EBSCOhost,
and PubMed), books, conferences, seminars, workshops, and
so on. that are relevant to search personalization (to the
authors’ best knowledge). Searches in the above-mentioned
databases used keywords “personalization,” “personalized
information retrieval”, “personalized search” in the abstract
or title metadata fields. All largely, partially, and marginally
relevant search results were saved, and reviewed, with notes
taking in spreadsheets about the articles’ topics and relevance.
Questionable articles were discussed by the authors to deter-
mine if they were relevant to the current survey, and which
sections they could be included in, on a case-by-case basis.

Personalization Process and Techniques

User Modeling

User modeling is a major element distinguishing personali-
zation and traditional IR systems. User modeling creates user

TABLE 1. Aspects/factors used for personalization.

General aspects
Specific

factors/techniques used

Explicit relevance
feedback (ERF)

Ask users for feedback

Implicit relevance
feedback (IRF)

Search behaviors Click-through, document
dwelling time,
browsing history, etc.

Search behaviors
+ contextual factors

Individual differences,
knowledge, task,
location, time, etc.
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profiles that store the users’ search interests. Frias-Martinez,
Magoulas, Chen, and Macredie (2006) summarized four steps
of generating user profiles: (a) data collection that collects
information about users, (b) preprocessing that analyzes the
collected information to obtain semantic content about the
user’s interaction with systems, (c) pattern discovery that
obtains structural descriptions of what has been learned about
user behaviors, and (d) validation and interpretation that ana-
lyzes and interprets the structures obtained in the pattern
discovery step.

It should be noted that user models could be both
long and short term. Although user profiling is usually
for long-term modeling of a user’s constant and general
interests and preferences, the user’s instant information
need that can be learned for short-term modeling is not
always stored in a profile. Instead, such models are gen-
erated based on user behaviors in the current search ses-
sion and used to directly predict document usefulness to
the users in their current search, and return the most use-
ful results according to the modeling user interest. This
can be seen in many articles to be reviewed in the fol-
lowing sections, especially those predicting document use-
fulness from users’ behaviors and contexts in the current
session (see subsections “RLb. Personalization From Behav-
iors” and “RLd. Personalization From Behaviors and Con-
texts”). Short-term user information plays the same role as
the long-term profile in terms of providing additional infor-
mation for the system to personalize search results (c.f.,
Shen, Tan, & Zhai, 2005b), and studies (e.g., Bennett et al.,
2012; Eickhoff, Collins-Thompson, Bennett, & Dumais,
2013) have found that combining both could improve per-
sonalization performance (more see subsection “RLb. Per-
sonalization from behaviors”). This, as expected, indicates
that in general, more information about users could lead to a
better understanding of users and their interests/intensions,
which accordingly lead to better prediction of what they
desire in the search.

Personalization Techniques

Two main techniques employed by personalization sys-
tems are query expansion and result re-ranking. Query
expansion typically gathers additional information about user
interest from various sources, represents user interest by
some terms, and automatically adds these terms to the initial
query for a refined search. The various sources could be dif-
ferent types. Some of them can be obtained from search
behaviors (see subsection “RLb. Personalization using
behaviors”), for example, preceding queries and search his-
tory (Bilenko, White, Richardson, & Murray, 2008; Cai &
de Rijke, 2016); previously read documents (Biancalana,
Micarelli, & Squarcella, 2008; Bilenko et al., 2008; Shen,
Tan, & Zhai, 2005a); visited social bookmark services
(Biancalana et al., 2008; Bouadjenek & Bouzeghoub,
2013; Carman, Baillie, & Crestani, 2008); and eye gaze
behaviors (Buscher, van Elst, & Dengel, 2009), etc. Some
of them can be obtained from other sources, for example,

user tasks (Budzik & Hammond, 1999); context around
and within queries (Bai, Nie, Bouchard, & Cao, 2007; Kraft,
Maghoul, & Chang, 2005); desktop information (Chirita,
Firan, & Nejdl, 2006, 2007); and user provided relevant
pages (Chen & Sycara, 1998) or their annotations of the
results (Jayarathna, Patra, & Shipman, 2013), what they have
already known (Kelly, Dollu, & Fu, 2005) or their feedback
about the search topics (Belkin et al. (2005), and so on (see
PIR using Explicit Relevance Feedback (ERF)).

Result re-ranking techniques reorder search results for
users according to document relevance. Some re-ranking sys-
tems involve user interaction, for example, the system pre-
sents the top n documents to the users for feedback and then
refines ranking based on the feedback (e.g., Liu, Yu, &
Meng, 2002; Tanudjaja & Mui, 2002). Most re-ranking sys-
tems do not require user involvement in re-ranking but have
some sorts of pre-settled weighting criteria for re-ranking,
giving heavier weight to those documents that match user
interests and push them to top ranks (e.g., Agichtein, Brill,
Dumais, & Ragno, 2006; Agrawal, Rantzau, & Terzi, 2006;
Aktas, Nacar, & Menczer, 2004; Chirita, Nejdl, Paiu, &
Kohlschutter, 2005; Chirita, Olmedilla, & Nejdl, 2004;
Gauch, Chaffee, & Pretschner, 2003; Liu & Hoeber, 2011;
Sieg, Mobasher, & Burke, 2007; Wang et al., 2013; You &
Hwang, 2007).

Although query expansion and result re-ranking are two
different techniques, they can be incorporated into single sys-
tems, for example, Pretschner and Gauch (1999), Pitkow
et al. (2002), Shen et al. (2005b), Ferragina and Gulli (2005),
and Lv et al. (2006). Incorporating both techniques has been
demonstrated to enhance search performance compared to
using either technique individually. Despite this result, many
approaches reviewed in this article use only one technique,
which could possibly be because of multiple reasons, such as
testing the effectiveness of the technique that is of interest, or
focusing on one technique with the limited computing
resources, etc.

PIR Using Explicit Relevance Feedback (ERF)

Starting in the 1970s (e.g., Oddy, 1977; Salton, 1971),
there have been relevance feedback approaches to learning
user preferences beyond the queries they submit. ERF explic-
itly asks the user to provide feedback by means of, for exam-
ple, specifying keywords, selecting and marking documents
in terms of their relevance or usefulness, or answering ques-
tions about their interests/preferences. Despite that ERF
requires users to spend extra effort beyond querying, it has
been proved to be quite effective for improving retrieval
accuracy (Rocchio, 1971; Salton & Buckley, 1990).

One ERF technique asks users to select favored addi-
tional keyword terms out of several candidates extracted
from a certain sources. For example, the TaskSieve interface
designed by Ahn, Brusilovsky, He, Grady, and Li (2008)
provides a task panel on which important terms related to
the task are extracted and displayed to users by various font
sizes to indicate the different degrees of importance. Another
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ERF technique asks users to mark documents that they find
relevant or useful, extracts keyword terms from these docu-
ments or users’ responses, and then expand queries or re-
rank search results. Vechtomova, Karamuftuoglu, and Lam
(2003), and Shen and Zhai (2003) both found that compared
with the original query search performance, queries
expanded by this means showed significant improvement.
The Rants interface designed by Gao and Jan (2010) allows
users to edit and share search result ranks with each other,
and edits of ranks can also be shared among similar queries.
In addition, some commercial search engines also had similar
approaches to allowing users to rank search results, such as
U Rank by Microsoft1, and SearchWiki by Google (released
in November 2008 and discontinued in March 2010).

Some approaches use the information searchers’ feedback
for query expansion. Jayarathna et al. (2013) took user anno-
tations of search results to help generate personalized results.
Kelly et al. (2005) asked users to describe what they already
knew and what they wanted to know about the search topics,
and elicited terms from their responses for query expansion.
Likewise, Belkin et al. (2005) elicited terms from user feed-
back and found that expanding queries by user provided
terms outperformed the initial query. They found, however,
that pseudo-relevance feedback (automatically expanding the
query using the top n terms in the top search results without
user involvement), performed at least as well as ERF. Rode
et al. (2005) reached a similar conclusion, that user interaction
improves search performance, but not better performance than
automatic expansion performance. These findings indicate
that although users may be a good source for relevance feed-
back, its usefulness may be limited with the tradeoff between
user effort and performance improvement.

PIR Using Implicit Relevance Feedback (IRF)

This line of approach requires the system to infer user
preference from their behaviors and/or contextual factors.
The three sets of elements involved in this approach are:

1) user preference or interest, or document usefulness: this is
the core value that a personalization system tries to infer,
learn, or predict;

2) search behaviors: this refers to observable user activities in
the search process; and

3) context: this sets and conveys the background and environ-
mental information of the users who conduct the search.

Figure 1 illustrates the relationships among these three
sets of elements. Dotted arrow lines denote the direction of
“influence,” in other words, the elements on the left side of
the dotted arrow lines influence the elements on the right
side (where the arrows point to). Dashed arrow lines denote
the relation of “prediction,” in other words, the elements on

the left side of the dashed arrow lines can predict the ele-
ments on the right side of (where the arrows point to).

The following describes the relations (RLs) among
these three sets of elements.

RLa: Context & Interest. Simply put, RLa indicates the
relation that contexts influence users’ search interest. Con-
texts include a variety of factors, including the goal that
drives the user to the search, his or her background, knowl-
edge, time, location, and so on, which are all likely to influ-
ence the user’s search interest, or what document the user
may deem useful. Research about influential factors on rele-
vance and usefulness is along this line. For example, Teevan,
Dumais, and Horvitz (2010) found that different people’s
explicit judgments for the same queries differed greatly.
Taylor, Cool, Belkin, and Amadio (2007) found that users’
relevance judgment was statistically associated with the stage
of their search. Because this RL does not directly involve
search behaviors, based on which user interest can be
predicted, research about this RL is not to be reviewed in
more detail.

RLb: Interest & Behaviors. RLb characterizes the con-
nection between search interest and behaviors. Users’ sea-
rch interest could influence search behaviors, and on the
other hand, search behaviors could predict user interest.
Research on user interest influencing search behaviors is
rarely seen (and therefore it is not reviewed), but it seems to
be a well-accepted assumption that one’s search interest,
that is, the goal that one wants to reach in the current search,
largely determines the user’s search behaviors, for example,
what documents she may click in, how long she dwells on
the documents. Meanwhile, research on the other direction
of the relationship, that is, predicting search interest (mainly
represented by query and document relevance or useful-
ness) from search behaviors was the main approach of early
PIR algorithm and system design.

RLc: Context & Behaviors. RLc describes the relation
between contexts and behaviors. Contexts could influence
users’ search behaviors, and on the other hand, search behav-
iors could predict contexts. Much work has been done to

FIG. 1. The multiway relations between document usefulness, user behav-
ior, and contextual factors (dotted arrow line denotes “influence”; dashed
arrow line denotes “can predict”; the solid line denotes combination).
[Color figure can be viewed at wileyonlinelibrary.com]

1 https://searchengineland.com/u-rank-microsofts-social-search-
experimental-site-15018

352 JOURNAL OF THE ASSOCIATION FOR INFORMATION SCIENCE AND TECHNOLOGY—March 2020
DOI: 10.1002/asi

http://wileyonlinelibrary.com
https://searchengineland.com/u-rank-microsofts-social-search-experimental-site-15018
https://searchengineland.com/u-rank-microsofts-social-search-experimental-site-15018


explore how contextual factors may influence search behav-
iors; in recent years, some effort also tried predicting con-
texts from behaviors.

RLd: (Context + Behavior) & Interest. RLd conveys the
idea of combining behaviors with contexts to predict sea-
rch interest, or in other words, taking contexts into consid-
eration when predicting search interest from behaviors.
Although RLs a, b, and c are quite straightforward one- or
two- way relations, RLd is three-way which sets up the
link between all three elements. This relationship estab-
lishes a foundation for a wide range of future research
directions in PIR (more discussions later).

The following review starts with RLb, moves on to
RLc, and then RLd.

RLb. Personalization Using Search Behaviors

Many PIR approaches predict user interest from search
behaviors only, which can be reading time (or dwell time)
on search engine result page (SERP) or on documents,
clickthrough, document saving behaviors, and so on. Dwell
time has been extensively studied as an indicator for infer-
ring document usefulness. The findings have been mixed:
some found that reading time had a strong positive correlation
with user’s rating of the retrieved document’s usefulness
(e.g., Claypool, Le, Wased, & Brown, 2001; Morita & Shi-
noda, 1994, 1994), whereas others found that reading time
was not significantly related to the user’s subsequent relevance
judgment (e.g., Kelly & Belkin, 2001). Kelly and Teevan
(2003) pointed out that the implications of user behaviors on
relevance judgment might be affected by contextual factors
such as task, topic, and collection differences (cf., Kelly &
Belkin, 2001; see more about this in the subsection on RLd).

Another behavior having received much attention is click-
through. Workshops on personalization using web search
click logs have been organized in conferences such as
WSDM (Web Search and Data Mining; cf., Serdyukov,
Dupret, & Craswell, 2014), fostering the research and prac-
tice of PIR. Joachims (2002) and Radlinski and Joachims
(2005) used clickthrough data to infer relevance feedback.
Joachims, Granka, Pang, Hembrooke, and Gay (2005) fur-
ther analyzed the users’ decision process using eye-tracking
and compared IRF against manual relevance judgments.
Although they found that clicks could be biased, which
makes the interpretation of clicks as absolute relevance judg-
ments difficult, they also found that that relative preferences
derived from clicks were reasonably accurate on average.

In addition, retention (or saving) has been found to be
potentially useful as implicit evidence for identifying docu-
ments that could be used as seeds for re-weighting (Kelly,
Diaz, Belkin, & Allan, 2004). This is quite intuitive. Nev-
ertheless, its usefulness is limited to users explicitly saving
documents, which does not always happen.

Many approaches use multiple types of search behaviors
from search logs to infer user interest. The behaviors usually
are a combination of several out of click-through, browsing,
scrolls, mouse movements, querying behaviors, sequential

patterns, and so on. Models or algorithms have been built
from a set of search behaviors to “recognize” users by topic
interest (Wedig & Madani, 2006) or search trail features
(White & Drucker, 2007), re-rank search results (Agichtein,
Brill, & Dumais, 2006; Agichtein, Brill, Dumais, & Ragno,
2006; Jiang, Leung, & Ng, 2011; Matthijs & Radlinski,
2011; Shen, Chen, Hu, & Yang, 2012; Wei, Sen, Yuan, &
Chen, 2009), diversify search results (Radlinski & Dumais,
2006), predict query goal being navigational (searcher has a
particular web page in mind) or informational (searcher does
not have a particular page in mind) (Lee, Liu, & Cho, 2005),
learn user interest (Daoud, Tamine-Lechani, & Boughanem,
2008; Daoud, Tamine-Lechani, Chebaro, & Boughanem,
2009), predict user search interest switch (Guo & Agichtein,
2009), and so on. By demonstrating the effectiveness of IRF
in differentiating users or their interests, these studies pro-
vided foundations for personalization.

Some studies compare multiple models to reach the best
performance. For example, Shen et al. (2012) built 3 personal-
ization models based on click-through data: a matrix fac-
torization click model (MFCM) that relates queries and
documents collaboratively, a personalized click model
(PCM) that exploits the latent relationships of users,
queries and documents, and a hybrid personalized click
model (HPCM) that emphasizes query-document interac-
tions while characterizing user variations simultaneously.
Evaluation showed that MFCM performs well for captur-
ing latent features of queries and documents, PCM is better
for the capability of personalization, and HPCM achieved
the greatest improvement by combining the strengths of
the other two models. More recently, Chen, Cai, Chen,
and de Rijke (2017) developed a personalization algorithm
that considers only queries with clicked documents being
taken as search context rather than all queries.

Besides search behaviors in one search session (instant
and short term), research has also considered search history
in previous sessions (long term) (e.g., Albanese, Picariello,
Sansone, & Sansone, 2004; Sontag et al., 2012; Ustinovskiy &
Serdyukov, 2013; Wedig & Madani, 2006). Regarding the
usefulness of short- and long-term behaviors for personaliza-
tion, Zhu, Callan, and Carbonell (2008) found that incorporat-
ing short-term contexts works well for personalized search,
and longer history does not provide further improvement.
However, Bennett et al. (2012) found that historic behaviors
provided substantial benefits at the start of a search session;
short-term session behaviors contribute most gains in an
extended search session; and the combination of session and
historic behaviors outperformed either alone.

Eickhoff et al. (2013) characterized and personalized
search for atypical search sessions, that is, instances
when users diverge from their search profiles to satisfy
information needs outside their regular areas of interest.
They found that certain topics such as medical informa-
tion and technical support were much more likely to
arise in atypical sessions, along with query features such
as increased term count, more unique terms, and more
natural language-type terms. They showed that atypical
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sessions could be successfully identified using features
based on short term only, long term only, or a combina-
tion of both, and the performance showed an increasing
order among the three.

In addition, eye-tracking data was found to be helpful in
personalization approaches. Buscher et al. (2009) compared
webpage display time and eye-tracking data used as IRF
sources for query expansion and result re-ranking. They
found that although feedback based on display time was much
coarser than feedback from eye tracking, surprisingly, it
worked as well as eye-tracking based feedback. Personalization
methods using display time and eye tracking data all per-
formed significantly better than a nonbehavior-based baseline
and especially improved poor initial rankings of the Web sea-
rch engine. Buscher, Dengel, Biedert, and van Elst (2012) also
demonstrated that eye-gaze data about what was read and how
it was read was very valuable to determine whether viewed
document parts were relevant to an individual user, and further,
that using this information as IRF can greatly improve PIR.

RLc. Relationship Between Contextual Factors and Search
Behaviors

RLc is two directional, meaning that contextual factors can
influence search behaviors, and can also be predicted from
search behaviors. However, most of the related studies belong
to the former and therefore this subsection has more weight on
this; only a few studies attempted to predict contexts from
behaviors; these are reviewed in corresponding sub-topics.

As mentioned before, contexts can refer to a variety of
factors. These include both factors about users, for exam-
ple, demographic information, cognitive style, personality,
knowledge, and so on and factors that are nonuser but situa-
tion related, for example, task, time, location, and so on.
Table 2 lists those factors, which are reviewed in the fol-
lowing subsections.

Demographic information. A rich amount of research can
be found in the literature about how demographic characteris-
tics influence information search, which provides evidence

for personalizing search based on demographic information.
Males and females were found to differ in three aspects: navi-
gation patterns, attitudes and perceptions (Chen & Macredie,
2010); boys were found to be more active than girls while
online (Large, Beheshti, & Rahman, 2002); girls had a ten-
dency to be vertical searchers whereas boys had a tendency
to be horizontal searchers (Roy & Chi, 2003); males read
further in the result list and made fewer regressions when
they were reading abstracts (Lorigo et al., 2006); males
prefer nonlinear reading patterns more than do females
(Liu & Huang, 2008); females often feel disoriented or lost
on the Web (Ford, Miller, & Moss, 2001); male students
often had positive attitude toward computers and the Web
(Schumacher & Morahan-Martin, 2001), and so on. Ford
et al. (2001) suggested that Web-based applications should
be developed to support adaptation to gender because males
and females might need different levels of support.

However, research in this area had inconsistent findings.
Although the above listed studies identified different search
behaviors between males and females, Hupfer and Detlor
(2006) showed no significant differences between males
and females in search behaviors. Kim, Lehto, and Morrison
(2007) reported that females claimed more positive atti-
tudes than males, and Koohang and Durante (2003) found
no significant gender users’ attitudes toward web-based
instruction program.

Some studies suggest that multidimensional demographic
attributes (gender, age, marital status, income, education
level) should be taken into consideration. Research has
shown that different demographic groups differ in their
queries and clicked URLs and that search result performance
could be improved to some extent by applying demographic
information (Weber & Castillo, 2010), or could benefit by
using the “groups” they belong to (Teevan, Morris, & Bush,
2009). Mislove, Viswanath, Gummadi, and Druschel (2010)
also found that users with common attributes are more likely
to be friends and often form dense communities, and they pro-
posed a method of inferring user attributes for detecting com-
munities in social networks.

In addition to these studies exploring the influences of
demographic information on search behaviors, some recent
effort has been devoted to predicting users’ demographic attri-
butes from information behaviors. For example, Otterbacher
(2010) inferred gender of movie reviewers by exploiting their
writing style, content and metadata. Graepel (2013) infers
users’ demographic attributes based on users’ social and sea-
rch data on Facebook and achieved good accuracy in predic-
tion. Wang, Guo, Lan, Xu, and Cheng (2016) conducted
demographic prediction based on users’ purchase history in a
retail scenario. Zhong, Yuan, Zhong, Zhang, and Xie (2015)
inferred users’ demographic attributes from location check-ins
on a social media platform in China (weibo.com).

Cognitive style. Cognitive style is a construct used to
describe an individual’s habitual mode of perceiving, remem-
bering, thinking and problem solving (Riding & Cheema,
1991). It is believed to be stable throughout an individual’s

TABLE 2. Contextual factors.

General aspect Category Subcategory (or specifics)

User-related Demographic
information

Gender, age, etc.

Cognitive style Field-dependent/independent
Cognitive ability Perceptual speed,

working memory, dyslexia
Personality Big 5 factor
Knowledge Domain knowledge,

topic knowledge
Search experience

Situation-related Task type Task product, complexity,
difficulty, stage, others

Location & Time Location, time
Information
object features

FAQs, list format, genre

Others Language, health literacy,
social network, etc.
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lifetime, therefore, knowing one’s cognitive style could help
build long-term user profiles for PIR.

Among the many types of cognitive styles that have been
developed, field dependence-independence has been the
most frequently studied pair. Field dependent (FD) people
typically experience surroundings in a relative global man-
ner, are easily influenced by the environment, and are more
passive, that is, willing to accept ideas as presented; con-
versely, field independent (FI) people usually experience
surroundings with an internal perspective, process infor-
mation with their own structure, and are more active, that
is, tend to accept ideas through analysis (Witkin, Moore,
Goodenough, & Cox, 1977).

The effects of FD and FI on information search have
been examined for two decades or so with rich findings.
Compared with FI users, FD users tend to spend longer
time in completing search tasks (Palmquist & Kim, 2000),
use Boolean search more than Best Matching (Ford et al.,
2001), make heavier use of the main menu and previ-
ous/next buttons, take more navigational moves, and
engage in more duplicated pages (Chen & Ford, 1998),
consult the user guide longer in a search interface where
they can only follow the restricted links to other pages,
and vice versa in the free access version (Dufresne & Tur-
cotte, 1997). FD and FI have also been found to influence
users’ reactions to the organization of subject categories,
presentation of the search results, and screen layout (Chen,
Magoulas, & Dimakopoulos, 2005).

Some researchers have attempted to predict cognitive
styles from users’ behaviors. Frias-Martinez, Chen, and
Liu (2007) demonstrated how different classification sys-
tems could be used to automatically identify the user’s cog-
nitive style based on the user’s interactions with a digital
library. Nevertheless, more work in this direction is needed.

Cognitive ability. Various types of cognitive abilities have
been studies regarding how they influence online information
search. Perceptual speed (PS) characterizes one’s speed in
comparing and scanning to find visual objects such as figures
or symbols (Ekstrom, French, Harman, & Dermen, 1976). It
has been found that high PS users located relevant materials
more effectively, that is, showing higher precision and recall
(Allen, 1992); and more efficiently, that is, using less time
(Al-Maskari & Sanderson, 2011). High PS users also reported
lower levels of workload (Brennan, Kelly, & Arguello, 2014).
Working memory (WM) involves holding information in
mind and working with information that is no longer percep-
tually present (Diamond, 2013). High WM searchers have
been found to complete search tasks faster (Gwizdka, 2010),
and performed more actions (Gwizdka, 2017). MacFarlane
et al. (2010) examined search differences between dyslexic
(DS) and nondyslexic (ND) searchers and found that DS
searchers had fewer searches, and examined fewer documents
in total, but examined more documents per iteration.

Given that many cognitive abilities tend to be stable,
predicting cognitive abilities from search behaviors seems to
be useful. With the detected differences between searchers

with different levels of cognitive ability, the above-
mentioned studies build foundations for predicting cognitive
abilities from search behaviors. However, it should be noted
that predicting might not be straightforwardly easy because
of the interplay of the multiple aspects of cognitive ability.
For example, both high PS and high WM users were found
to complete tasks faster than their counterparts; given the
observation of short task completion time, how could it be
determined that the searcher is high PS, or high WM, or
both? This issue requires more research effort.

Personality. Heinström (2003, 2005, 2006) examined the
relationships between Big 5 factors (Neuroticism, Extraver-
sion, Openness to experience, Agreeableness, and Conscien-
tiousness) and search behaviors using questionnaires. The
research found that information behaviors could be connected
to all the tested personality dimensions. Schmidt and Wolff
(2016) revisited the above relationship and found selective
correlations of slight and intermediate strength between per-
sonality dimensions and search behaviors. There are relatively
few studies characterizing the relationship between personal-
ity and search behaviors, and it seems that more effort is
needed to infer personality from search behaviors.

Knowledge. Knowledge in IR research can be subject
domain knowledge or task topic knowledge.2 The former
is one’s knowledge of a general subject domain of the sea-
rch task; the latter is one’s knowledge of the specific sea-
rch task topic. As can be seen from their definitions, these
two types of knowledge are measured by different methods
and have led to different research findings. The following
first introduces studies about subject domain knowledge,
and then studies about task topic knowledge.

Among the studies examining the effects of domain knowl-
edge in IR research, some examined how it affects search per-
formance measured by precision and recall (e.g., Allen, 1991;
Marchionini, 1989). These studies hardly detected relation-
ships between domain knowledge and search performance,
making it difficult to draw conclusions for personalization. On
the other hand, some studies looked at user’s search behaviors
and detected relationships between domain knowledge and
search behaviors. Higher domain knowledge was found to be
associated with less use of a thesaurus for term suggestion
(Hsieh-Yee, 1993), more effective term selection when using
a thesaurus (Sihvonen & Vakkari, 2004), less use of syno-
nyms and combinations (Hsieh-Yee, 1993), wider and more
specific vocabulary in search terms (Vakkari, Pennanen, &
Serola, 2003), more efficient selection of concepts to include
in the search (Wildemuth, Freund, & Toms, 2014), fewer
errors in the reformulation of search tactics (Wildemuth,
2004), more queries per search task (Zhang, Anghelescu, &
Yuan, 2005), longer queries (White, Dumais, & Teevan,
2009; Zhang et al., 2005), less time spent on webpages
(Duggan & Payne, 2008), and more keyword-based than tag-

2Another type of knowledge, search knowledge, is treated in this arti-
cle as search experience that is discussed below.
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based queries in a social tagging system (Kang, Fu, &
Kannampallil, 2010). But there are also inconsistent findings,
for example, Duggan and Payne (2008) found that higher
domain knowledge was associated with shorter queries in the
specific domain of football. Despite such inconsistencies, all
these studies implied the possible benefits of providing differ-
ent systems or system features to users with different levels of
domain knowledge, so that the system (features) best support
different search tactics of query formulation and reformulation.

Regarding users’ knowledge of search task topics, previ-
ous studies have found that users with higher topic knowl-
edge issued longer and more complex queries (Hembrooke,
Granka, Gay, & Liddy, 2005), used elaborations as a
reformulation strategy more often than simple stemming and
backtracking modifications (Hembrooke et al., 2005), used
more search expressions (Allen, 1991), had shorter document
reading time (Kelly & Cool, 2002) and document display
time (Kelly, 2006b), and had a higher ratio of saved docu-
ments to total viewed documents (Kelly & Cool, 2002). All
these results indicate the possibility of inferring topic famil-
iarity from search behaviors. Kumaran, Jones, and Madani
(2005) built a classifier to effectively differentiate documents
using various document features (e.g., stop-word, line-
length) to match searchers’ different levels of topic knowl-
edge. This method can be effective in biasing result ranking
for topic knowledge and can help in inferring the knowledge
of users who read different categories of documents. Mean-
while, further efforts are needed to tell which specific docu-
ments may be predicted as useful based on topic knowledge
and reading time, and/or the user’s saving, viewing, and
other behaviors. Some researchers further attempted to pre-
dict knowledge from search behaviors such as first dwell
time on SERPs, number of saved documents, number of
unique queries, etc., and obtained satisfactory results (e.g.,
Liu, Liu, Cole, Belkin, & Zhang, 2012).

Search experience. Studies have found that compared with
search novices, search experts with more search experience
tended to have better search performance (Ahmed,
McKnight, & Oppenheim, 2004), higher proficiency in locat-
ing websites (Lazander, Biemans, & Wopereis, 2000), and
modify the system’s default search field and search results dis-
play format (Li, Zhang, Liu, & Zhang, 2006). Meanwhile, it
should be noted that some research indicated no significant rela-
tionship between user’s previous search experience and the
levels of relevance of search results. For example, Ford et al.
(2001) did not detect any relationship between levels of rele-
vance and user’s experience variables, which fails to “confirm a
number of previousfindings in relation to the role of experience”
in search (p. 1063). Similar to the above factors, this area also
calls for effort on predicting search experience from behaviors.

Tasks. In IR, task is a significant element and has been
continuously attracting research attention over time. Essen-
tially, users search for information for the purpose of
reaching their goals, or more specifically, solving their tasks
at hand. an extensive amount of effort has been spent on

examining the effects of different tasks or task types on infor-
mation searchers’ behaviors and performance, which pro-
vides significant evidence for personalization based on tasks.

A commonly seen basis of this stream of research is to
classify tasks into different types along some task feature(s).
These include, for example, closed versus open-ended tasks
(Marchionini, 1989); specific vs. general tasks (Qiu, 1993);
factual, descriptive, instrumental, and exploratory tasks
(Kim, 2006); fact-finding vs. information gathering (Kellar,
Watters, & Shepherd, 2007; Toms et al., 2007); learning
about a topic, making a decision, finding out how to, finding
facts, and finding a solution (Freund, 2008), and so on. With
various standards and definitions of task classification, it is
difficult to compare findings across studies, so it necessary to
have standard classification schemes. Li and Belkin (2008)
developed a quite comprehensive task classification scheme
which includes several dimensions to classify tasks: task
product, objective complexity, subjective complexity, diffi-
culty, and urgency to name a few. The following reviews
studies along some of these dimensions.
Task product. Along the dimension of task product, Li
and Belkin (2008) classifies tasks into several categories:
intellectual (a task producing new ideas or findings), deci-
sion or solution (a task making a decision or solving a prob-
lem), factual (a task locating facts, data, etc.), and mixed
(of two or more of the above). Studies have found that task
product significantly affected the number of IR systems con-
sulted and result pages viewed (Li & Belkin, 2010; Liu
et al. 2010), time to accomplish task (Liu et al., 2010),
query length, search success (Li & Belkin, 2010), and eye
movement (Cole et al., 2010). Using similar task type cate-
gories, Kellar et al. (2007) found that compared with fact-
finding tasks, information-gathering tasks required partici-
pants to view more pages, use Web browser functions more
heavily, and spend more time completing the task.

For this dimension of task type, there has been effort on
predicting task types from search behaviors. Using TREC
2014 session track tasks, Mitsui, Liu, and Shah (2018) tried
predicting whether task type was intellectual or factual. They
found that even though significant behavioral features
improve prediction over baselines, the improvement was min-
imal. They suggested that in some cases, considering personal
patterns might help with effective prediction.
Task complexity. Li and Belkin (2008) defines the degree
of objective task complexity according to the number of
activities in a work task or the number of information source
types in a search task. It has been found to affect many
aspects of interactive information searching behavior, for
example: the number of visited documents, the number of
search sources, the number of queries, time used to complete
tasks (Li & Belkin, 2010; Liu et al., 2010), and eye move-
ment (Cole et al., 2010). White, Ruthven, and Jose (2005)
defined task complexity in a similar way, according to the
number of potential information sources and type of informa-
tion required to complete a task. Their study found that users
preferred IRF for more complex tasks, but they preferred
ERF for less complex tasks. This study implies that to avoid
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task bias, task complexity should be considered when
designing systems involving IRF or ERF. Because different
types of RF are appropriate for tasks with different levels of
complexity, it might be beneficial to use both types of RF
simultaneously in a system which can automatically detect
task complexity and switch between the two modes of RF.

Other researchers have looked at task complexity using
different definitions. Byström and Järvelin (1995) defined
task complexity from the worker’s point of view based on
“a priori determinability of, or uncertainty about, task out-
comes, process, and information requirements” (p. 194).
Vakkari (1999) followed this definition in his proposed
model relating task complexity and information actions.
Though their definition is different from Li and Belkin
(2008), this line of research obtained similar findings; that
more complex tasks require more user interactions, and,
for example, that task complexity is related to information
type and information source selection.
Task difficulty. One task type dimension that is closely
related to but different from complexity is difficulty. As
with complexity, difficulty has been determined both
“objectively,” for instance, according to precision of search
results (e.g., Zhang, Liu, Cole, & Belkin, 2015) and subjec-
tively, although task difficulty much more usually empha-
sizes the task doer’s subjective perception of how difficult
the search is (Campbell, 1988; Li & Belkin, 2008;
Wildemuth, Freund, & Toms, 2014; Kelly, 2015). Similar to
task complexity, task difficulty is also an important aspect
having been found to show significant effects on information
search, including: number of queries (Kim, 2006; Liu et al.,
2010; Kelly, Arguello, Edwards, & Wu, 2015), query length
and diversity (Kelly et al., 2015), number of SERP clicks
(Kelly et al., 2015), number of visited documents (Kim,
2006; Gwizdka, 2008; Liu et al., 2010; Kelly et al., 2015),
number of relevant/saved documents (Gwizdka, 2008; Kim,
2006), task completion time (Kim, 2006; Gwizdka, 2008;
Liu et al., 2010; Kelly et al., 2015), document dwell time
(Liu et al., 2010), and so on.

Some studies attempted to predict search task difficulty
from search behaviors, including: search effort, navigational
speed (Gwizdka & Spence, 2006), the number of SERPs,
the number of visited documents, and the number of rele-
vant documents (Gwizdka, 2008; Liu, Gwizdka, Liu, &
Belkin, 2010; Liu et al., 2012; Arguello, 2014). It was also
found that task difficulty could be well predicted in the
early stage of the search process (Liu et al., 2012).
Stage of task. Although not included in the Li and Belkin
(2008) scheme, stage of task is an important contextual factor
in IR and has been investigated for decades regarding the
information seeker’s affective, emotional, and physical action
changes during the information seeking process. Kelly’s
(1963) construct theory, Taylor’s (1968) four levels of
information need along the different stages of search, and
Kuhlthau’s (1991) ISP (Information Seeking Process) model
are all classic theses about task stage. Task stage has been
found to affect query term selection (Vakkari, 2000; Vakkari,
2001; Vakkari & Hakala, 2000), relevance judgment criteria

(Taylor et al., 2007; Vakkari, 2000; Vakkari, 2001; Vakkari &
Hakala, 2000), the use of IRF and ERF by users in search
(White et al., 2005), document dwell time (Liu & Belkin,
2015), and utility of search interface features (Huurdeman,
Wilson, & Kamps, 2016).
Task types along other dimensions. There are other task
classification dimensions studied in the literature. Task struc-
ture, that is, the relationship between the sub-tasks in com-
plex tasks, was found to affect search behaviors (Toms et al.,
2007) and play roles in inferring document usefulness from
first dwell time (Liu & Belkin, 2010; Liu & Belkin, 2015).
Task level, that is, whether a task required judging a docu-
ment as a whole, or only a part or parts of a document, for
usefulness, was found to affect task completion time, number
of visited documents, number of search sources, number of
queries (Liu et al., 2010), and eye movement (Cole et al.,
2010). Some recent efforts contribute to the prediction of
task types (Liu, Cole, Baik & Belkin, 2012), which is a fur-
ther step toward personalizing search based on task types.

Location and time. Besides search engines such as Google
that personalize search based on the searcher’s location, the
literature has seen more effort in this direction. Welch and
Cho (2008) presented a method to automatically identify
queries that would benefit from localization. They asked real
users to identify localizable queries, then determined a set of
relevant features of these queries, and then used conven-
tional machine learning techniques to classify these
queries. Jones, Hassan, and Diaz (2008) found that the
introduction of geographic features slightly improved sea-
rch performance for queries containing geographical infor-
mation. O’Brien, Luo, Abou-Assaleh, Gao, and Li (2009)
proposed a model for personalizing search results in a
local search engine by adding a geographical dimension.
Bennet, Radlinski, White, and Yilmaz (2011) personalized
search using both the searchers’ physical location and a more
general notion of locations of interest for Web pages which
were computed using implicit user behavioral data that char-
acterize the most location-centric pages. Shokouhi (2013)
found the user’s location and long-term search history were
the most effective for personalizing auto-completion rankers.
Belkin et al. (2003, 2004) found that although geographical
information can potentially improve search performance, giv-
ing it too much weight (compared to topical information)
decreased performance.

Time information has also been found useful for person-
alizing search. Mei and Church (2008) found that query
volumes and search difficulty (click entropy) varied by
time of day and day of week. They suggested that variables
such as IP addresses, time, and geographical information
could be viewed as convenient surrogates for more sensi-
tive market segmentation variables.

Information object features. Kelly, Murdock, Yuan, Croft,
and Belkin (2002) and Murdock, Kelly, Croft, Belkin, and
Yuan (2007) found that relevant documents’ types (with differ-
ent document features) varied according to search task types
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(procedure oriented or fact oriented). Specifically, documents
with FAQs and lists tended to be judged relevant in procedure-
oriented tasks rather than fact-oriented tasks. This indicates
that the types of search tasks might predict which types of doc-
ument are relevant. AbdulJaleel et al. (2003) found that docu-
ment genre helped improve search performance in some cases
but not in general. Given these restrictions, for the examined
factors to be effectively used in personalization system design,
more research is needed to clarify when and how they should
be considered and incorporated in personalization.

Other contextual factors. Lopes (2013) studied several
contextual features that can be used in supporting query for-
mulation for personalized search: language, health literacy,
and topic familiarity. Evaluation results showed that a person-
alization system biasing query suggestions using English pro-
ficiency and health literacy outperformed a system providing
non-personalized query suggestions, which outperformed a
system without query suggestion.

Some studies use semantic contexts to personalize search.
Leung, Fung, and Lee (2011) proposed a method that con-
structs a network of concepts related to different semantic
interpretations of the query. Concepts were extracted from
the search results of each query. Leung, Lee, Ng, and Fung
(2012) built concept-based user profiles from query history,
search results, and clickthrough data. Steichen, O’connor,
and Wade (2011) also proposed providing personalization
according to semantics besides social and open-web
resources. Tiwari, Husain, Srivastava, and Agrawal (2011)
used the content semantics and the structural properties of a
website to improve the effectiveness of web personalization.

Some studies made use of social networks as sources for
personalization. Kashyap, Amini, and Hristidis (2012) used
three types of feedback from social network groups with
decreasing strength: the document preference of the user her-
self, that of the users in her social group, and that of other
users in the network. Wang and Jin (2010) presented a person-
alization system that retrieves information from multiple social
systems (e.g., blogs, social bookmarks and mutual tags) and
creates an interest profile for each user by integrating different
streams of information. They also found that integrating infor-
mation from multiple social systems led to better personalized
results than relying on the information from a single social
system. Teevan et al. (2009) explored the similarity of query
selection, desktop information, and explicit relevance judg-
ments across people grouped in different ways. They found
that the explicitly formed groups were similar in many aspects
when considering queries related to their group’s theme but
were less cohesive for off-theme queries. Their findings also
demonstrated that groupization (as compared to personaliza-
tion) improves on personalization for several group types, par-
ticularly for explicit groups and group-related queries.

RLd. Personalization Using Behaviors and Contextual
Information

As mentioned previously, previous studies looking at the
relationship between document usefulness and dwell time

(e.g., Kelly & Belkin, 2001; Morita & Shinoda, 1994) have
generated seemingly conflicting findings. The studies had
different settings. Morita and Shinoda (1994) attempted to
design a filtering system based on monitoring user behav-
iors in a usenet system, and they found a strong tendency
for users to spend a greater length of time reading those arti-
cles rated as interesting than those rated as not interesting.
In a different setting which was interactive in nature, Kelly
and Belkin (2001) asked users to perform search tasks, and
they found that the length of time that a user spent viewing
a document was not significantly related to the user’s subse-
quent relevance judgment. They suggested that contextual
factors such tasks, document collection, and searching envi-
ronment may affect the relationship between document rele-
vance and reading time. Kelly and Belkin (2002) further
hypothesized personalized behavioral models and proposed
an example of how users’ level of topic familiarity may
affect users’ reading time for relevant versus nonrelevant
documents.

Kelly and Belkin (2004) found that dwell time differed
significantly according to specific tasks and specific users,
which provided evidence that inferring the usefulness of a
document from dwell time should be tailored toward indi-
vidual tasks and/or users. White and Kelly (2006) found
that tailoring display time threshold based on task informa-
tion improved IRF algorithm performance over a general
dwell time-only threshold, and that dwell time was able to
successfully predict document usefulness when the task
information is considered. Liu and Belkin (2015) further
found that in a parallel-structured multisession task, users’
knowledge of task topics could help interpret first dwell
time (the time duration from first viewing a document to
first exiting the document) as a reliable indicator of docu-
ment usefulness. This demonstrated the possibility of per-
sonalizing search using dwell time for users with different
knowledge levels. Liu, Liu, and Yan (2018) examined the
relationships between time constraints, search behaviors,
and document usefulness judgment. They found that time
constraints and usefulness had interaction effects on first
dwell time, indicating that knowing time constraints helps
predict document usefulness from dwell time.

Some effort has been spent on designing personalization
models or systems using search behaviors and contextual
factors. Teevan, Dumais, and Horvitz (2005b) explored
rich models of user interests, built from both behaviors
(e.g., issued queries and visited webpages) and contexts
(e.g., documents and emails the user has read and created).
Ahmed, Teo, Vishwanathan, and Smola (2012) used click
history and contextual factors including article entities and
concepts, and recency to personalize news stories to the
current users. Liu, Belkin, and Cole (2012) modeled search
behaviors in different search tasks to infer document use-
fulness and then used this information to modify queries.
They found that specific prediction models for task types
outperformed a general prediction model. White et al.
(2013) explored a task-based method to personalize users’
current search results. They mined historic search-engine
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logs to find other users performing similar tasks to the cur-
rent user, and then leveraged their on-task behavior to iden-
tify Web pages to promote in the current ranking. This study
demonstrates the value of considering search tasks in addi-
tion to just search queries during personalization. Agichtein,
White, Dumais, and Bennett (2012) developed prediction
models of future task continuation by considering features
about tasks, engagement effort and focus, user profile, and
repeating status.

Issues in Personalization

When to Personalize

Research has indicated that personalization could have
various effects in various situations, making it an important
issue to consider when to personalize. Teevan, Dumais, and
Liebling (2008) found a lot of variation across queries in the
benefits that can be achieved through personalization.
Teevan, Dumais, and Horvitz (2005a) found that personali-
zation has variant effectiveness on various query types, and
that personalization is not necessary on less ambiguous
queries. Teevan, Liebling, and Geetha (2011) also found that
different people often use the same queries to navigate to dif-
ferent resources. Dou, Song, and Wen (2007) found that per-
sonalized search had significant improvement over common
web search on some queries, but it had little effect on other
queries, for example, queries with small click entropy. It
even harmed search accuracy under some situations. Patel,
Tendulkar, and Chakraborti (2013) found that for single
word expansions, 69.10% queries benefited from user spe-
cific expansion, whereas 30.90% did not.

Teevan, Dumais, and Horvitz (2007) quantified the poten-
tial value of personalizing search results based on the investi-
gation of the diverse goals, or task types, that people have
when they issue the same query, and the ability of search
engines to address such diversity. They took the gap in nor-
malized DCG (discounted cumulative gain) between the indi-
vidual and group personalized ranking as an indication of the
potential gain that can be achieved by personalizing rankings.
Predictive models were built to identify queries that could
benefit from personalization. Luxenburger, Elbassuoni, and
Weikum (2008) proposed a model that could detect when the
user’s search and browse history was not appropriate for
aiding the user in satisfying her current information quest. Li,
Yang, Qi, Li, and Zhao (2010) found that queries issued by
more than six and less than 20 users had the biggest potential
for personalization in AOL, and queries issued by more than
six and less than 4000 users had the biggest potential for per-
sonalization in Sogou (a Chinese search engine). They attrib-
uted the difference between the two systems to the many
recommended queries on Sogou which were informational
and were clicked by many users. Chen, Yang, Li, Zhao, and
Qi (2010) investigated two kinds of strategies for predicting
query’s potential for personalization: classification and regres-
sion and found that the classification model performed better
for predicting query potential for personalization.

Diversity

A related issue to personalization is diversity. This is a
significant issue, especially when considering that personali-
zation, while trying to return the most useful results toward
the particular searcher, could also potentially limit the search
results to only certain specific aspects of users’ queries or
reduce the chances to be exposed to new ideas (Carbonell &
Goldstein, 1998). The concept of “filter bubbles” (Pariser,
2011) addresses the possibility of intellectual isolation and
the neglect of those important but less clicked information
sources brought by filtering and personalization.

The relationship between personalization and diversity
seems to be conflicting, but they could be combined. Person-
alization does not focus on specific topics, but more on the
task and the context. Personalization aims to maximize the
satisfaction for each of the individual users and generates
models to provide search results that are like individual
users’ search interests. Diversity is often seen as a contradic-
tory approach to personalization because one goal of diver-
sity can be said to be to satisfy as many users as possible
with a single result list. Radlinski and Dumais (2006) pres-
ented three methods for diversifying search results for a
given query using past query reformulations. They suggested
that the top-k results of a query might not be diverse enough
to contain representative documents corresponding to differ-
ent interpretations of the query, thus might not be useful for
personalized re-ranking of results. They explored methods of
generating related queries to yield a more diverse set of sea-
rch results.

But another goal of diversity is to ensure that the searcher
is not burdened with repetitive information, and to ensure
that all aspects of a topic are presented. These were primary
motivations of Carbonnell & Goldstein (1998)’s MMR, and
this suggests a possibility of complementarity of some types
of diversity and personalization. More recent research has
explored methods to complement diversity with personaliza-
tion to enhance each other. Vallet and Castells (2012)
introduced a method that combined personalization and
diversification, and the experiments showed that this method
improved both the accuracy and the diversity values. They
suggested that diversification has a role in personalization
when the system lacks information about searchers’ prefer-
ences or when users’ preferences are diverse themselves.
Diversity and personalization can be combined in different
ways, which needs further research.

Evaluation

Evaluation is crucial for understanding whether any pro-
posed personalization technique is valuable, and it is chal-
lenging to accomplish, given that evaluation criteria and
measurements for this purpose are usually not simple or
straightforward but multifaceted and complex. There has
not been an agreed overall framework for PIR in the cur-
rent literature, and different PIR approaches have used var-
ious means for evaluation, including batch experiments,
online experiments using A/B tests (also named bucket
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testing, which is to split the users into two groups and
assign them with two versions of the same system vari-
able), and laboratory-based user studies. Carterette (2018)
describes the limitations and advantages of the various
methods: batch experimentation makes strong assumptions
about users and their needs in context, but are replicable;
user studies have small N, high cost, and high variance,
but yields deep information; and online experimentation
using A/B tests requires a large user base and has some
ethical problems, but gives robust results.

There are only a few studies that have attempted online
evaluation of personalization by conducting controlled
experiments, with real-user participants working in the per-
sonalized versus non-personalized systems. Ma, Pant, and
Sheng (2007) compared users’ performance as well as their
perceptions on using these two types of systems. Most per-
sonalization systems have been evaluated in a non-interactive
and simulated way. Usually, the evaluation study collected
user search logs and usefulness judgments and compared the
performance of the user’s original queries with that of the
expanded queries using their proposed personalization tech-
niques/algorithms. Some studies, for example, Matthijs and
Radlinski (2011), evaluated their proposed personalization
system using both types of methods: (a) an offline evaluation
using document judgments obtained from a small number of
users for 72 queries to assess potential approaches; (b) an
online evaluation with 41 participants using the system for
two months to issue thousands of queries as part of their day
to day web search activities.

The traditional criteria used for evaluation mainly include
search effectiveness and time efficiency. Search effectiveness
includes: (a) results ranking effectiveness (e.g., DCG, MRR),
for example, Qiu and Cho (2006), Sun, Zeng, Liu, Lu, and
Chen (2005), Speretta and Gauch (2005), Teevan et al.
(2005a), and Dou et al. (2007); (b) results precision (e.g.,
MAP), for example, Chirita et al. (2006), Shen, Tan, and
Zhai (2005), Shen and Zhai (2003), Lv et al. (2006), Wang
et al. (2013), and White et al. (2013); and (c) accuracy of pre-
diction, for example, Qiu and Cho (2006), Sun et al. (2005),
and Liu, Yu, and Meng (2004). Studies using time efficiency
as the evaluation criterion include Ma et al. (2007) and
Lv et al. (2006). More evaluation measures have been
suggested, including perceived relevance (Saracevic, 1996),
learning (Eickhoff, Gwizdka, Hauff, & He, 2017; Hansen &
Rieh, 2016), affect (Lopatovska & Arapakis, 2011), and
using neuro-physiologic data as a source of metrics
(Gwizdka, 2018).

Carman et al. (2008) evaluated personalization system
performance using a social bookmarking website, del.icio.us,
as a substitute for query logs and click-through data that are
not always readily available because of issues such as pri-
vacy. The evaluation study showed that social tag data can
be used to approximate user queries to search engines and
that there is enough information in users’ bookmark history
to successfully personalize search results.

From a different perspective, evaluation of system func-
tions using bucket testing may be disrupted by personalization.

That is, the testing can lead to incorrect inference when the
system’s personalization function is on, because the contents
provided to the test and control buckets of users are different.
Das and Ranganath (2013) used the Yahoo personalized and
nonpersonalized modules to test the impact of personalization
on system evaluation using bucket testing. They developed a
method that considered user interest in addition to click-
through. This approach tended to provide a more accurate
interpretation of the bucket testing results in presence of per-
sonalization. The method was demonstrated to be effective
by their experiment using Yahoo.

Hannak et al. (2013) addressed the issue of measuring
web search personalization by asking what features about
the users (or in the user profiles) can lead to system provid-
ing personalization and how effective personalization is.
Following the idea of comparing search results for the same
query in different conditions, the authors created various
Google accounts with varying information on gender, loca-
tion, time, search history, operating systems, and so on. The
study found that on average, 11.7% of search results showed
differences because of personalization, with higher probabil-
ities for results toward the bottom. The highest effect of per-
sonalization on search was related to political issues, news,
and local businesses. The study also found that although the
level of personalization is significant, there were very few
user properties that led to personalization: only being logged
in to Google and the location (IP address) of the user’s
machine result in measurable personalization; all other attri-
butes did not result in levels of personalization beyond the
baseline noise level.

Recently, Jones, Belkin, Lawless, and Pasi (2018) orga-
nized a workshop on evaluation of PIR, aimed at seeking
to establish such an agreed overall framework for both
user-centered studies and laboratory-based algorithmic
research for PIR, which can be applied to not only single
queries, but also multiple queries in a session or multiple
sessions. Continuous effort is needed to build an agreed
framework for PIR evaluation.

Privacy

The privacy issue cannot be avoided in PIR because per-
sonalization relies on collecting user information, whether it
is the users’ explicit release of search interest or the sys-
tems’ collecting of implicit search behaviors. The privacy
issue has become more and more significant and salient,
especially after it was brought to the public attention by the
cases of leading IT companies such as AOL’s search data
leak (Hafner, 2006), Facebook’s lukewarm commitment to
privacy (Anderson, 2018), and Google Plus’s shutting down
after the discovery of a security bug (Wakabayashi, 2018).

The issue of privacy in PIR has attracted a fair amount of
research attention. Studies have found that although partici-
pants see the usefulness of personalization for online adver-
tising, it could negatively affect user experience, or brings
worries and confusion (e.g., O’Donnell & Cramer, 2015;
Rohrer & Boyd, 2004). Matic, Pielot, and Oliver (2017)
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found that more than half of the displayed advertisements
elicited positive reactions, for example, surprise or enthusi-
asm, which provides evidence that personalization and per-
ceived relevance of online ads may boost its acceptance by
customers, with improved control and transparency on how
the data is being used. Golbeck (2017) noted that although
personalization is powerful in helping users finding informa-
tion, its benefits needs to be balanced with users’ concerns
about privacy.

Some privacy protection approaches have been made on
the server side and others on the client side. Xie, Zeng, and
Ma (2002) conducted personalization on an edge server,
which moves the representation tier closer to the user by
caching the static output of a Web server to reduce the
user’s perceived latency. In their prototype system named
Avatar, two parts of user models were built: static profile
and dynamic profile, which learned through the user’s pervi-
ous browsing pattern and access history.

De Grande and Zorzo (2006) designed a system that
provides privacy to the user in both implicit and explicit
information gathering for the purpose of personalization.
The MASKS (Managing Anonymity while Sharing Knowl-
edge to Servers) system, placed between the users and the
Internet, introduces anonymity to user browsing without
blocking information to the sites, by removing communica-
tion control information that identifies a user. Rykowski
and Cellary (2004) proposed to apply user-defined software
agents to build Virtual Web Services, being combinations
of several virtual and real services, accessed by the user as
it would be a single service. Virtual services were created
for and by users, allowing rich personalization of service
functionality, data format and presentation, adjusting to
different hardware and software environments. Majumder
and Shrivastava (2013) attempted to capture Online Search
Platform (OSP)’s personalization for a user in a new data
structure called the personalization vector, a weighted vec-
tor over a set of topics, and presented efficient algorithms
to learn it. The approach treated OSPs as black-boxes and
extracted the personalization vector by mining only the
output, specifically, the personalized content and the con-
tent without any user information, and the differences in
these types of content. This approach enables users to
access their profile information while protecting their pri-
vacy. Sendhilkumar and Geetha (2008) designed the User
Conceptual Index (UCI), a client-side data collection instru-
ment, by tracking the user interactions from the browser.
The system automatically constructed page ontologies and
compared user profiles with their search queries using the
ontologies to perform personalized search on the client side.
Ahmad, Rahman, and Wang (2016) proposed a topic-
based privacy protection solution on the client side, in
which each user query is submitted with k additional cover
queries that act as a proxy to disguise users” intent from a
search engine.

Shen, Tan, and Zhai (2007) conducted a systematic exami-
nation of the privacy preservation issue in personalization.
They analyzed four levels of privacy protection: pseudo

identity, group identity, no identity, and no personal infor-
mation, as well as three types of personalization software
architecture: server-side, client-side, and client–server cooper-
ative personalization. Client-side personalization was found
to have advantages over the server-side approach in privacy
preservation, as the first three levels could be easily
achieved technology wise. With some challenges being
solved, the fourth level, that is, no personal information,
could also be realized in personalization system design.
Kobsa, Knijnenburg, and Livshits (2014) conducted a
study to evaluate users’ perception of privacy for client-
side personalization (CSP) services. They used four per-
sonalization providers, in three of which user data were
sent to the systems and in another data remained on
users’ smartphone. The study obtained encouraging results
that CSP is likely to raise perceived protection of privacy.
The study also found that privacy concerns influenced the
disclosure of demographic data only, whereas satisfaction
has an effect merely on context data. Increasing the perceived
protection for CSP yields noticeable improvements in user satis-
faction and disclosure. This is promising because accordingly,
more disclosure typically leads to better personalization.

Usability

One criticism of adaptive/personalization systems is their
potential for violation of the usability principles of direct
manipulation systems, that is, controllability, predictability,
transparency, and unobtrusiveness. Bakalov et al. (2013)
proposed an approach to controlling adaptive behavior in
recommender systems by allowing users to get an over-
view of personalization effects, view the user profile that is
used for personalization, and adjust the profile and person-
alization effects to their needs and preferences. A user
study evaluating a biomedical literature system portal with
seven participants showed that users favored the controlla-
ble personalization on the usefulness, usability, user satis-
faction, transparency, and trustworthiness of personalized
systems. Although Bakalov et al.’s (2013) approach was
originally for recommender systems (that are not the focus
of this review), the usability issue brought up in their article
applies to personalization approaches discussed in the current
article, and the user evaluation from their study has implica-
tions for personalization system design. On the other hand,
this sheds lights on the currently reviewed area that more
research is needed to study the usability issue, to evaluate the
personalization interface, and to better understand searchers’
preferences regarding the interface aspect in personalization
systems.

The Gap Between “Characterizing the Influence” and
“Predicting”

Some relations (RLs) in Figure 1 are two-directional. For
example, the relation between contexts and behaviors (RLc)
represents two research activities: (a) characterizing how con-
textual factors influence search behaviors and (b) predicting
contextual factors from behaviors. For a long time, the Human
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Information Behavior (HIB) research community has con-
ducted an extensive amount of research on the former aspect,
that is, how contextual factors (e.g., tasks, knowledge, gender,
educational background, etc.) influence information behaviors.
However, much less has been done on the latter aspect, for
example, predicting the searchers’ task type, gender, or educa-
tional background from search behaviors, except a few studies
on predicting searchers’ knowledge levels from behaviors
(e.g., Liu, Liu, Cole, Belkin, & Zhang, 2012; Arguello, 2014).

It should be noted that although these two research
activities present two relations between the same two enti-
ties (that is, contexts and search behaviors), these two rela-
tions are not necessarily symmetrical. In other words, that
one specific contextual factor significantly influences sea-
rch behaviors does not necessarily mean that this contex-
tual factor can be accurately predicted as a significant
factor from search behaviors.

An example to illustrate this issue is Mitsui et al. (2018).
The researchers explored the gap between (a) characterizing
the relationship between search intention types and search
behaviors, and (b) predicting search intention types from sea-
rch behaviors. Their findings showed that although intention
types could have significant effects on search behaviors,
predicting intention types from search behaviors did not
receive significant results. This gap between “charactering
the influence of contexts on behaviors” and “predicting
contexts from behaviors” indicates that in personalization,
the research activity of “predicting” needs to be conducted
for detecting the significant behavioral factors that can pre-
dict contexts; significant behavioral factors that can predicting
contexts cannot be inferred from what behavioral factors are
significant influenced by contexts.

Discussion and Conclusions

Following the frameworks illustrated in Table 1 and
Figure 1, we have reviewed existing research and practice
in the area of PIR. We also discussed issues in PIR includ-
ing when to personalize, diversity, evaluation, privacy,
usability, and the asymmetry of influence and prediction
of personalization factors. Some discussion of these has
been made during reviewing, and in this final section, we
summarize these, to give an overall picture regarding what
has been done, and what needs to be done.

Among the four relations depicted in Figure 1, RLb, espe-
cially the prediction of user interest from search behaviors,
has gained much attention and effort. RLc has drawn much
attention regarding how contexts influence search behaviors,
but not the other way around, that is, predicting contexts
from behaviors. Attention on RLd is growing, but there is
still much left to do. In the rest of this section, some major
points about the limitations of current PIR research as well
as the future directions are discussed.

We mentioned the gap between “relationship” and “pre-
diction.” The rich body of literature has provided substantial
evidence on how various factors affect information search
behaviors and performance. The literature also demonstrated

how personalization could be performed based on users’
behaviors and contextual factors. However, existing research
has spent more effort along the former line, that is, research
that identified the effects of various contextual factors on
user behaviors or performance, than on the latter, that is,
those that apply personalization based on prediction. It seems
to us that more research should be conducted to build on or
make use of the findings of the former line, to develop better
methods of prediction that tailor search for the specific users
and their specific contexts.

This includes approaches to the continuous and extended
consideration of various contextual factors. For example,
user task has been found to play significant roles in
searching, and so it would be beneficial to research how a
system can predict task types (e.g., along various task facets
in Li and Belkin (2008) scheme) from observed users’
behaviors, and how the system can provide better search
results based on the prediction of task types. TREC 2016
initiated a new track of Task Track,3 with the goals of
evaluating system’s understanding of user tasks and evalu-
ating the relevance of retrieved documents with respect to
underlying tasks in queries. Once the IR system obtains
the task information that users are searching for, the sys-
tem would decide whether personalization for this type of
tasks is needed, and if needed, what type(s) of personaliza-
tion would be the most effective and efficient for the cur-
rent tasks. Meanwhile, it should also be noted that given
the gap between the relationship and the prediction, it is
challenging to explore prediction algorithms that can pro-
duce high prediction performance.

Other than tasks, approaches to studying contextual fac-
tors in personalization can spread to other aspects that have
received less than enough attention, such as the various
types of user characteristics. Having been examined quite
extensively regarding its role on search behaviors, knowl-
edge can be better used in predicting document usefulness
for the current users. So are the various cognitive charac-
teristics. Others, such as language, reading levels, and so
on, need more research attention both in their relationships
with search behaviors and in predicting document useful-
ness from search behaviors.

In addition, although commercial search engines have
been personalizing search according to time and location,
the granularity can be more detailed, in-depth, and broad.
Location can be extended to the sociological sense, such as
being in office, at home, or other places. Likewise, time
can also be used on a sociological sense, such as to classify
time into one’s work time, vacation time, or special event
time, and so on. Of course, when considering from these
aspects, the privacy issue needs to be considered because
of the fact that some people may not like to be monitored
about their status.

Regarding search behaviors, commercial search engines
are effectively using some types of previous search

3 http://www.cs.ucl.ac.uk/tasks-track-2016/
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behaviors, both individual and group, successfully. Although
previous research has covered a wider, and to some extent,
deeper scope, one big issue is that many behaviors previ-
ously studied cannot be used for real-time prediction in per-
sonalization. Specifically, a great number of the behavioral
or performance variables examined in the previous studies
were on a whole task-session level, such as time spent to
complete the whole task, total number of queries, total num-
ber of pages viewed and saved, and effectiveness (recall,
precision) or efficacy (number of saved documents out of
all viewed) of the search. All of these variables cannot be
obtained until the end of a session. Although these results
can in general be used to predict task type a posteriori, it is
not easy to make use of these findings into adaptive search.
Lower level behavioral variables that can be captured and
used in real-time are needed, for example, document dwell
time, number of pages per query, and so on.

Still, more research can be conducted in personalizing
search using a combination of multiple components illus-
trated in Figure 1. This can be the wide range of search
behaviors, the various contextual factors, and the combina-
tion of search behaviors and contextual factors in different
formats. The above all indicate multiple aspects of gaps
open for future research.

The reviewed research in PIR has devoted most of its
efforts to descriptive and predictive analysis so far. The
descriptive analysis demonstrates how various contextual
factors and individual characteristics could influence users’
search behaviors and preferences. The predictive analysis
focuses on generating predictive models of users’ search
preferences, task types and other contextual factors, users’
individual characteristics, and so on. Future research should
step further and extend the research to explore what types of
assistance the systems can provide based on the prediction
about users’ preference, contextual factors, and so on, and
how to provide the needed types of assistance. It would be
ideal if the system can have predesigned various types of
assistance and activate the appropriate ones based on the
predicted need.

Besides the framework that we followed in reviewing
the literature, we also reviewed various related issues
regarding personalization, including when to personalize,
evaluation, privacy, and usability issues. All of these areas
are important to PIR and can be further enriched toward
the increasing maturity of PIR. The ideal status of PIR
would be that the system becomes the very “personal assis-
tant” to the user, providing the desired information that she
needs in her specific situation, with the appropriate amount
of control that she wanted, whereas it is also the system
that she trusts.

To conclude this review, although there have been many
and various approaches to PIR, it is still in its developing
phase toward the goal of providing desired information that
meets the specific searcher’s needs, in the person’s specific
context. We believe a way toward this goal is continuing
effort spent on personalization in both research and practice
in IR and related fields.
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