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Abstract
We critically review literature on the association between searching and learning and contribute to the formulation of a research
agenda for searching as learning. The paper begins by reviewing current literature that tends to characterize search systems as tools
for learning. We then present a perspective on searching as learning that focuses on the learning that occurs during the search pro-
cess, as well as search outputs and learning outcomes. The concept of ‘comprehensive search’ is proposed to describe iterative, reflec-
tive and integrative search sessions that facilitate critical and creative learning beyond receptive learning. We also discuss how search
interaction data can provide a rich source of implicit and explicit features through which to assess search-related learning. In conclu-
sion, we summarize opportunities and challenges for future research with respect to four agendas: developing a search system that
supports sense-making and enhances learning; supporting effective user interaction for searching as learning; providing an inquiry-
based literacy tool within a search system; and assessing learning from online searching behaviour.
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1. Introduction

Reviewing the current literature on students’ searching behaviour with respect to learning tasks reveals a contradictory

picture. Some studies show that students struggle to find the right keywords, formulate search queries and understand

search results [1–3]. When search results do not satisfy their information needs, students tend to accept those initial

results uncritically, rather than re-evaluating the results and/or revising their search statements [4]. Students are also gen-

erally reluctant to look beyond the first few search results [5]. On the other hand, other studies show that students over-

estimate their search skills and believe that accessing, searching, using and evaluating sources of information are easy

tasks that anyone can perform [6]. As a result, students tend to skim, evaluate and select online content quickly without

investing much effort [7]. In general, previous studies imply that students’ search behaviour and lack of search skills are
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the main problems: if students could only improve their search skills, they would be able to search better and possibly

learn more in the process.

We adopt a different approach to the problem in this paper. We focus not on issues with students’ search behaviour,

but instead on the ways in which information retrieval systems have been conceptualized and developed. Historically,

search systems have long been characterized as a type of tool for retrieving relevant content or finding answers that sat-

isfy people’s information needs. From this perspective, research and development on search technology tends to focus on

improving the effectiveness of search results to match document with search queries. In terms of the search user interface,

the majority of search systems still display a ranked list of search results. This interface design signals the expectation

that people may want to select relevant documents from the search results page efficiently and quickly. Indeed, users

become accustomed to interacting with search systems in quick and easy ways. Typical systems may work well for cer-

tain kinds of tasks, such as look-up tasks, but not necessarily for other kinds of search tasks, such as learning, investiga-

tion and discovery, which require iteration, reflection and analysis of results by the searcher [8]. In other words, current

search engines are optimized for only a certain kind of learning – acquiring factual knowledge – but are less successful at

facilitating other kinds of learning, such as understanding, analysis, application or synthesis, in terms of Bloom’s taxon-

omy [9].

The purpose of this paper is to conduct a critical review focusing on the intersection of searching and learning. This

intersection is not, in itself, an entirely new research topic: what we contribute here is an attempt to bring together three

disconnected research sub-areas in the field of information science: (a) investigation of students’ web searching beha-

viour in learning environments; (b) design of information literacy programmes to improve students’ search skills; and (c)

development of search systems to support student learning during searching and enhance learning outcomes and experi-

ences. We argue that research efforts across these three areas are disconnected because the relation between searching

and learning has been simply assumed. Consequently, a literature review is helpful as it shows that the problem is not

any lack of empirical studies demonstrating the significance of searching as learning. Rather, the problem lies in the lack

of efforts to bring together and synthesize a variety of perspectives, concepts, factors and indicators that could better

explain the complex relation between searching and learning.

Recently, two information retrieval workshops took place that examined this intersection of searching and learning.

The participants in SWIRL (The second strategic workshop on information retrieval in Lorne) in 2012 emphasized that

information retrieval systems must play a more central role in supporting learning experiences through a variety of tools

for exploring information. The SWIRL participants also proposed that information retrieval systems should support and

foster a larger variety of more sophisticated search strategies [10]. In 2013, several participants in the Dagstuhl seminar

on evaluation methodologies in information retrieval similarly proposed a research agenda called ‘from searching to

learning’, emphasizing the importance of conceptualizing learning as search outcomes [11]. While it is encouraging that

discussions have started in such workshops, the relation between searching and learning still tends to be taken for granted

and not well articulated in the current literature, with a few exceptions [12–14].

Reviewing the relationships between searching and learning is thus a critical step to establishing ‘searching as learn-

ing’ as a new research agenda. This is an important research problem because search systems represent a potentially

powerful learning technology that can support and enhance human learning by providing access to rich, personalized

online content. In this paper, we propose a new perspective on searching as a learning process that attempts to reconfi-

gure current search systems in order to support and improve human learning. We believe that this paper will serve as a

foundational review for other researchers who are interested in investigating searching and learning, and for developers

and other information professionals who want to design and develop a new kind of search system that is optimized for

learning tasks.

2. Searching as a learning tool

Most previous research on searching and learning has been set within the perspective of either ‘searching to learn’ or

‘learning to search’ [10]. Studies on searching to learn investigate students’ searching behaviour in learning contexts with

respect to students’ research process for school assignments [15, 16]. On the other hand, studies on learning to search

examine how students’ search skills could be better developed and improved [17]. In both perspectives, however, search-

ing is conceptualized as a tool for learning. The retrieval ‘tool’ is often designed to help people find information needed

to further their learning goals. These perspectives take a position that information is the ‘basic building block for human

learning’ [18: 2] and that ‘developing expertise in accessing, evaluating, and using information is in fact the authentic

learning that modern education seeks to promote’ [19: 2].
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2.1. Construct of learning in search contexts

In terms of the construct of learning, there have been at least four distinct ways of conceptualizing learning with respect

to searching. Traditionally, information science researchers have conceptualized learning as context for searching.

Kuhlthau’s [15] Information Search Process Model describes information searching as a process of constructing meaning

while completing a research assignment in a learning context. This model distinguishes the learning context for search-

ing from the work context or everyday life context. For other information retrieval researchers [14, 20, 21], learning is

defined as conceptual change. This means that learning changes or reinforces existing knowledge structure. Learning

has been also conceptualized as the interactive intention of searching. Interactive intentions refer to subgoals that a user

seeks to achieve in the process of searching [22]. For instance, people may set the following intentions: learning domain

knowledge, learning information system features, learning information retrieval skills or learning database content [22].

Finally, the taxonomy of learning (i.e. remembering, understanding, applying, analysing, evaluating, and creating)

designed by Bloom and his colleagues [9, 23] has been used to characterize different kinds of search tasks [24–26].

Recently, Arguello et al. [24] used Anderson and Krathwohl’s learning tasks [9] to develop search tasks that reflect dif-

ferent amounts of cognition and effort required to complete the tasks. Wu et al. [25] and Kelly et al. [26] also used

Anderson and Krathwhol’s [9] taxonomy when they evaluated a set of search tasks in terms of levels of cognitive com-

plexity across multiple domains. More research is needed to better understand the construct of learning in search con-

texts. For the time being, it is important for researchers to define the construct of learning in each study, as learning can

be defined in a variety of different ways.

2.2. Searching to learn

This perspective starts with the notion that information is the basis for human learning in today’s information-rich envir-

onments. It is associated with the common practice of information searching related to performing learning tasks in for-

mal education contexts as well as work-life or everyday life. The majority of previous studies have focused on students’

web searching behaviour and experience for their academic pursuits. It is widely known that web search engines are stu-

dents’ starting point for academic pursuits given such engines’ speed, convenience and ease of use [27–29]. Students’

mental model of search systems is a ‘simple type-and-click operation’ [30].

Several researchers have looked at when and how learning occurs in the search process for learning tasks. Vakkari

et al. [16] examined relations between graduate students’ problem stages in the course of writing their master’s thesis

proposals and the information sought, choice of search terms and relevance assessment. His study showed that students’

level of knowledge about their topic predicts their ability to express search terms. According to his study, when students

know less about the topic, they are likely to enter fewer, broader and more vague search terms as their queries. As

Vakkari’s study participants proceeded with their research process, the types of information sought and relevance criteria

changed: the use of background and theoretical information declined and the importance of information types declined

as predictors of relevance. More recently, Vakkari and Huuskonen [21] studied medical students’ search behaviour and

efforts with respect to a course assignment that required them to use the OVID-Medline biomedical search service. For

this study, the authors distinguished search output (the products delivered by a system) and task outcome (the benefits

the system produces). They found that effort in the search process degraded precision but improved task outcome. The

findings of their study indicate that traditional effectiveness measures in information retrieval, such as recall and preci-

sion, need to be complemented with evaluation measures for search process and outcome.

A few studies have investigated learning as an outcome of searching. Hersh et al. [31] used a quiz approach to assess

how well medical students were able to answer clinical questions after they used an information retrieval system. Their

results showed that pre-searching scores on the test were low, but that searching enabled students to answer a higher pro-

portion of questions. Based on the results, they proposed various methods as viable alternatives to measuring recall and

precision. In Kammer et al.’s [32] study, participants were asked to formulate keywords and write a short summary to

assess learning. The number of keywords submitted by participants was counted and their written summaries were

assessed through topic coverage (the number of reasonable topics covered) and topic quality (each topic was rated on its

quality). Jansen et al. [13] investigated Bloom’s learning theory to characterize the information search process. Their

study addressed two research questions: ‘Are searching episodes learning events?’ and ‘Are searching characteristics with

Anderson and Krathwohl’s [9] taxonomy affected by the searcher’s learning style?’ (pp. 647–648). They analysed search

tasks collected from participants and found that applying and analysing in the learning taxonomy take the most search

effort in terms of queries per session, topics searched per session and total time searching. In conclusion, Jansen et al.

claim that a learning theory can improve the information search process more than traditional paradigms of decision-

making or problem-solving.
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Over the past decade, exploratory search has emerged as an alternative perspective to characterize searching to foster

learning and investigation [33]. A fundamental idea of exploratory search is that the primary function of the search sys-

tem should not be to provide search results. Instead, it should be to help users explore, overcome uncertainty, and, even-

tually, learn [34]. Exploratory search would be a pertinent search strategy for searchers who are willing to learn through

search because exploratory searchers utilize a combination of search and browsing behaviour to navigate, understand and

better interpret the meaning of retrieved information [34]. Exploratory searches are characterized by multiple iterations

and search results that require more cognitive processing than look-ups [8]. Exploratory searchers spend more time read-

ing, comparing, and making qualitative judgments of information. In the exploratory model, learning is used in the gen-

eral sense of developing new knowledge, including self-directed lifelong learning and professional learning as well as

learning for academic pursuits [8].

Wilson and Wilson [14] were the first researchers to attempt to develop techniques to measure how much someone

has learned as a result of exploratory search. Using Bloom’s revised taxonomy [9], they developed three levels of mea-

sures for depth of learning: Quality of facts (D-Qual), Interpretation of data into statements (D-Intrp), and Use of critique

(D-Crit). D-Qual focused on the quality of recalled facts by their usefulness, covering the ‘remembering’ and ‘under-

standing’ levels of Bloom’s revised taxonomy. D-Intrp assessed how students synthesized facts and statements to draw

conclusions and deductions (Bloom’s analysing). D-Crit covered Bloom’s concept of ‘evaluating’ by identifying state-

ments that compared facts or used facts to raise more questions. The results of their study revealed that a ‘one-size-fits-

all’ approach cannot be used to accurately measure the degree of learning because many variables may be confounded

by other factors such as the length of the summaries provided by participants and their levels of prior knowledge.

2.3. Learning to search

This framework is closely connected to the concept of information literacy, implying learning how to critically seek,

evaluate and use information for various search tasks. It takes the position that information literacy is essential for a stu-

dent’s academic success and provides a firm foundation for lifelong learning [35]. Information literacy is considered ‘a

survival skill in the information age’ [36]. Researchers and practitioners in the field of information literacy believe that

the ability to find, evaluate and use information effectively [37] is crucial for twenty-first-century learners. The

American Association of School Librarians’ Standards for the 21st-century learner [38] affirms the need for information

literacy skill development in K–12 education, asserting that ‘the amount of information available to our learners necessi-

tates that each individual acquire the skills to select, evaluate, and use information appropriately and effectively’ [38: 3].

Research has found evidence of the ways and extent to which information literacy instruction can benefit people.

Students who have demonstrated improved information literacy tend to have positive attitudes towards conducting

research [39, 40] and greater confidence in their ability to perform such research in the future [41]. Top-tier students in

college report experiencing formal information literacy instruction in grade school [17].

Unfortunately, there seems to be a mismatch between what traditional information literacy instruction programmes

have emphasized and what students actually need to master competency for the purpose of gathering information in their

learning environments. Most information literacy instructional programmes developed by librarians have focused on

introducing library resources. Teachers value inquiry-based learning yet lack training in providing instructions on search

strategies and evaluation of information in web searching. Students themselves seem to be ambivalent about information

literacy instruction. Because they use search engines all the time, they think that finding information is something any-

one can do [6]. They rely heavily on the open web for information and use web search engines as a starting place for

class assignments [42, 43]. They do not apply critical evaluation criteria such as authority, accuracy, objectivity, cur-

rency and coverage to the online sources they use for their coursework [44]. As their knowledge of search engines is

limited, they assume that search engines ‘understand’ their queries and they are satisfied with the first few websites that

search engines display [45]. Despite students’ confidence in their search skills, tests of their knowledge of information

literacy reveal that they overestimate their knowledge –they simply do not know what they do not know [6, 46–48].

3. Searching as a learning process

From the perspective of Searching as a Learning Process, searching is conceptualized as a process in which people

engage in various search activities for learning, such as critically analysing information, bringing pieces of information

together to create something new, evaluating and using information. What makes this perspective distinctive from

Searching as a Learning Tool is that the former focuses on learning occurring during the search process rather than just

the nature of search outputs (i.e. search results) and learning outcomes. One framework proposed in this section is
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comprehensive search, which suggests a paradigm shift from learning correct answers to learning based on a variety of

information gathered and synthesized during the search process.

3.1. Comprehensive search for critical and creative learning

The perspective of Searching as a Learning Tool can be shifted towards a new perspective of Searching as a Learning

Process through the concept of comprehensive search. Before describing the concept of comprehensive search, it is use-

ful to review three modes of cognitive learning first. Receptive learning is defined as understanding, remembering and

reproducing what is taught, such as facts, concepts, procedures and principles [49]. It corresponds to remembering and

understanding in Bloom’s taxonomy [50]. Critical learning is thinking differently with respect to an individual’s own

viewpoints by reviewing, criticizing and evaluating ideas gained from multiple sources. Critical learning includes apply-

ing, analysing and evaluating in Bloom’s taxonomy. Creative learning is generating new ideas and designing new arte-

facts from what is learned. Although critical and creative learning involve higher cognitive activities in the learning

taxonomy, this does not mean that they are more difficult than receptive learning. There might be easier critical learning

assignments and more difficult receptive learning tasks. No matter how difficult the task is, it is within the receptive

learning mode as long as its primary purpose is acquiring and receiving knowledge without any critical and creative eva-

luation. Each learning mode relates to the others, but they do not foster competencies in one another. For example, learn-

ing within only the receptive mode does not nurture critical thinking ability or creativity, no matter how intensively

students study in receptive mode [49]. Cognitive processes and learning strategies differ across learning modes. As a

result, each mode cultivates different types of competencies.

Comprehensive search depicts iterative, reflective and integrative search sessions that support critical learning and

creative learning modes. In other words, comprehensive search refers to a variety of search activities that facilitate indi-

viduals’ critical abilities and/or the development of new ideas directly. What is new about comprehensive search is that

we are relating people’s search behaviour to cognitive learning modes, while making distinctions among search activities

supporting critical learning and creative learning. For instance, comprehensive search activities include critically evaluat-

ing the usefulness of information for tasks, assessing the credibility of information, differentiating the value of informa-

tion across multiple sources of information and prioritizing information through comparison.

To some extent, comprehensive search shares similar characteristics with exploratory search. Marchionini [8]

describes the following exploratory search activities that support learning: knowledge acquisition, comprehension, inter-

pretation, comparison, aggregation, integration and socializing. According to Marchionini [8], investigative exploratory

search involves multiple iterations over time to achieve analysis, synthesis, evaluation, discovery, planning/forecasting

and transformation. Comprehensive search is distinct from exploratory search in two important ways. While exploratory

search looks at learning and investigation as tasks that people are trying to achieve through a variety of search activities,

comprehensive search captures the kinds of learning that occur during the search process. We claim that exploratory

search is conceptualized from the perspective of searching to learn or investigate. In contrast, the concept of compre-

hensive search has been developed from the perspective of searching as a learning process emphasizing the interplay

between cognitive learning and search activities. Another difference between exploratory search and comprehensive

search is that the goal of comprehensive search is to support not only critical learning but also creative learning in terms

of cognitive learning modes, whereas exploratory search is pertinent to supporting critical learning (e.g. comparison,

integration, aggregation, analysis, synthesis, evaluation) and receptive learning (e.g. knowledge acquisition and

comprehension).

Figure 1 illustrates how different kinds of search mode – fact finding, specified search and unfocused browsing – can

be associated with the three cognitive learning modes explained above. Associations between search mode and cognitive

learning mode produce different search paradigms. Look-up search refers to the fact-finding search that seeks accurate

factual information. It mostly involves the receptive learning mode as the primary purpose is finding and acquiring exist-

ing information. In comparison, higher level cognitive activities such as analysing (differentiating, organizing, attribut-

ing), evaluating (checking, critiquing) and creating (generating, planning, producing) can be learned through

comprehensive search, which serves as a learning process in itself. Students learn to differentiate similarities and differ-

ences among diverse perspectives, and to structure and hierarchize abundant materials. Students can also develop more

flexible thinking skills as they consider diverse opinions and approaches on a topic rather than seeking correct answers.

Furthermore, by comparing diverse logics, students may develop their own critical logic that they can then use to filter

inaccurate information. This critical thinking ability is ultimately connected to creative learning, including generating,

planning and producing new ideas and thoughts.

Table 1 shows how diverse learning and search behaviours relate to different cognitive learning modes. When people

search in order to discover a new research theme, analyse and compare diverse perspectives about a topic, and/or
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brainstorm multiple solutions for a problem, they engage in distinct search and learning behaviours during the search

process. Such behaviours may lead them to engage in critical rather than receptive learning.

3.2. Implications of comprehensive search on epistemological beliefs and competency

Epistemology is the branch of philosophy that investigates what knowledge is and how people know whether they know

something [51]. Epistemic beliefs refer to a person’s beliefs about the nature of human knowledge. The type of textbook

learning featured in most primary and secondary education, for example, proceeds from the assumption that knowledge

exists objectively, regardless of individuals’ understanding. Thus, students are encouraged to identify correct answers

rather than to develop their own ideas per se. From this epistemological standpoint, search activities are understood as

seeking accurate information, and the purpose of a search system is to serve as an information retrieval tool.

In contrast, comprehensive search proceeds from a different set of epistemic beliefs that emphasize knowledge as con-

structed via diverse perspectives. Pedagogical techniques influenced by this epistemology encourage students to develop

critical thinking skills, beyond simply finding a ‘correct’ answer. This helps students to develop logical thinking in order

to compare and evaluate diverse perspectives. In this way, students’ critical thinking capacity is enhanced. Search activi-

ties working from this epistemological standpoint will not necessarily or always present results linearly at the end of

search process. Instead, knowledge expands as the student interacts with information in a variety of ways. In other words,

knowledge is constructed by assimilation and accommodation of the learner’s cognitive schema [52] as new information

Table 1. Learning behaviour and search behaviour by cognitive learning taxonomy

Cognitive learning mode Bloom’s cognitive
learning taxonomy

Learning behaviour Search behaviour

Receptive remembering,
understanding

recalling, presenting, identifying,
matching, labelling, comprehending,
demonstrating

known-item searching,
specifying, modifying, obtaining,
selecting, acquiring, judging
relevance

Critical applying, analysing,
evaluating

separating, sorting, critiquing,
distinguishing, contrasting, defending,
attributing, probing, aggregating,
integrating, synthesizing

evaluating usefulness, assessing
credibility, comparing,
extracting, differentiating

Creative creating hypothesizing, designing, discovering,
planning, producing, generating,
forecasting, inventing, composing,
revising, building

prioritizing, sense-making

Column 1 from Lee et al. [49] and column 2 from Bloom and Krathwohl [50].

Figure 1. A conceptual framework of association between search mode and cognitive learning.
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is incorporated into their existing knowledge structure. This is cognitive constructivism. From this perspective, informa-

tion exploration during the search process is reconceptualized as an important part of the learning process itself.

A number of researchers have expressed concerns about the ways people search for information and interact with

information on the Internet, pointing out that people tend to read online content too briefly and quickly [53]. Carr’s book

[54], The shallows, argues that online activities may be making our brains worse at reading long text and thinking deeply.

Other researchers bemoan the behaviour of the ‘Google Generation,’ who are said to have ‘little or no recollection of life

before the web’ [55] as they read or scan rapidly and make quick decisions without deliberation.

However, we need to question whether shallow learning can be easily written off as a negative and undesirable phe-

nomenon. The competencies required in today’s digital society are not necessarily identical to the ones required in the

industrial age. Required competencies evolve over time. Previously, the ability to concentrate on one thing deeply for a

long time without being distracted was, indeed, a required and valued competency. Further, it was a competency that

would serve one well at schools designed according to the industrial age paradigm.

In today’s digital era, with all the affordances of synchronous search technology, the human brain may well become

familiarized with and adept at broad and relatively shallow searching. Furthermore, it might learn through this process

to integrate more diverse information and knowledge, and create new ideas synthesizing that diversity. Instead of mem-

orizing existing knowledge, knowing how to seek the best knowledge from the vastly expanded intellectual space of the

Internet becomes a desirable competency in this century. Therefore, although some researchers are concerned that online

activities hinder deep, reflective thinking and serve to deteriorate our memory [53, 54], we propose that the online search

activities that we term ‘comprehensive search’ may nurture another capacity required in today’s digital environment –

namely, the capacity for explorative and integrative thinking that compares diverse perspectives and generates new

ideas. Put more simply, we argue that in the current learning environment breadth as well as depth of knowledge mat-

ters. Searching comprehensively is a pathway to integrating diverse information, which contributes, in turn, to a new

paradigm of learning: critical and creative learning.

4. Modelling and evaluating search-related learning

Since web search engines are one of the primary access points people use to learn new information, analysis of web

search engine logs provides one way to characterize, understand and assess the nature of search-related learning. The

kind of interaction data present in search logs that captures events such as queries, clicks, mouse movement, dwell time

and other traces of user behaviour provides an enriched representation of user goals and progress that is likely to be criti-

cal for implementing future comprehensive search engines. In this section, we discuss how search interaction data – even

in its current limited form – can provide a rich source of implicit and explicit features that may be useful in supporting

and assessing search-related learning, particularly in support of comprehensive search. We then summarize opportunities

and challenges involved with inferring learning-related intent from search logs, and discuss some potential future

directions.

First, we can begin by examining three key questions that are the subject of active research: (a) how do people use

web search for learning tasks; (b) how can we estimate a search engine user’s motivation to learn; and (c) how can we

measure a user’s change in expertise over time as they learn? Second, we discuss how progress on these questions

informs how search technology might detect and support key learning activities in comprehensive search.

4.1. Inferring the presence and nature of learning-related tasks from search logs

How do people use web search for learning tasks? As described earlier, learning-related search tasks can be complex,

requiring multiple queries and significant time spent searching and browsing. There have been few published studies of

how users engage in such tasks based on commercial search engine data. However, one study by Bailey et al. [56]

described a task taxonomy of web searches – based on analysis by human judges of 4 months of search log data from

Google, Yahoo and Bing – that included some learning-related tasks, including topic exploration, fact-finding and proce-

dural learning. A second study by Eickhoff et al. [57] included an automated log analysis that focused specifically on

the fraction of sessions that potentially involved a procedural or declarative knowledge intent. The relevant results from

both studies are summarized in Table 2. Both studies found that learning-related tasks accounted for a non-trivial pro-

portion of all search sessions, as shown in the ‘percentage of sessions’ column in Table 2. In line with the task study by

Bailey et al. [56], Eickhoff et al. [57] found that about 3% of sessions had an explicit knowledge-acquisition intent that

was either procedural or declarative. Moreover, reflecting the complex, multi-step nature of many learning-related tasks,

while the absolute percentage of total sessions for the learning tasks in Table 2 is around 20%, these tasks accounted for

a disproportionally larger fraction of time spent searching.
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Raman et al. [58] had a similar finding for intrinsically diverse (ID) search tasks, which are exploratory web searches

whose intent is to learn about multiple aspects of a specific topic. Given that ID sessions require multiple queries, Raman

et al. hypothesized that ID sessions accounted for a disproportionately larger fraction of time spent searching by all users.

To test this, they estimated the time a user spent in a session by the elapsed time from the first query to the last action

(i.e. query or click). Sessions with a single query and no clicks were assigned a constant duration of 5 s. (The time in ses-

sion includes the whole session once an ID task was identified in that session.) While ID sessions with at least two dis-

tinct exploratory aspects represented only 1.0% of all sessions, they accounted for more than 4.3% of total time spent

searching, showing the significant role that ID sessions play in overall search activity. The study by Raman et al. did not

focus on more complex ID information seeking, such as tasks that span multiple sessions, and so the true percentage asso-

ciated with ID tasks is likely to be larger.

These studies reflect the two basic approaches – manual vs automated – that are used to infer user intent from search

logs. Manual approaches rely on either self-reported intent indicators generated by the users themselves (e.g. via an affor-

dance in the search user interface), or intent descriptions generated by human judges who try to deduce intent from a

post-hoc analysis of search log behaviour data. The latter was the approach used by Bailey et al. [56], following an earlier

method developed by Rose and Levinson [59], to determine intent categories (e.g. ‘Discover more information about a

specific topic’). The log behaviour data that is used as the basis for these judgments includes (a) the queries issued by a

user in a session, (b) the results returned by the search engine, (c) the results clicked by the user, and (d) further queries

or other actions taken by the user. This data also potentially includes additional resources such as the actual content of

the pages returned in the search results, along with meta-data computed from this content, for example, the page’s read-

ing level or topic category. On the other hand, automated approaches [57, 58] typically rely on a representative sample of

user behaviour data for which some information about intent has been identified by human judges, but then apply this ini-

tial set of labelled data to train a statistical model that attempts to automatically classify intent for future instances of user

behaviour.

In the case of learning-related search, one approach that automated methods have used to operationalize indicators of

learning intent is to use the type of knowledge offered by a website’s educational content as a proxy for a learning intent

label. For example, in Eickhoff et al. [57] a user’s visitation of a site specializing in procedural ‘how-to’ descriptions

(e.g. ehow.com) was assumed to indicate a procedural learning intent, while Wikipedia visits were assumed to be indica-

tive of intent to acquire declarative ‘fact-based’ knowledge. These implicit intent labels were then used as the basis for

characterizing features of queries and patterns of search behaviour that were associated with each type of learning intent.

Similarly, in Raman et al. the nature and breadth of topic categories for the content covered during a search is used as a

proxy indicator of the user’s desire to explore different aspects of a topic. Other examples include using reading-level

features associated with motivation (Section 4.2) and features of site topic focus and difficulty to measure change in

expertise over time (Section 4.3).

While these operational choices for learning indicators lead to richer representations of user behaviour while learning,

they are not without their limitations. First, the use of proxy indicators of learning, such as representing a user’s content

intent by the content type they read, assumes that what the user is finding is what they intended to find, and that what

they intend to find represents what they intend to learn. These assumptions often do not hold in practice: users may have

a variety of goals when looking at all or part of a particular page. Users may also be restricted by the results of an inef-

fective search engine or choice of search strategies for a given learning goal, leading to less relevant content being

Table 2. Time spent on learning-related search tasks

Task Percentage
of sessions

Average queries
per task

Average events per task
(browse and search)

Average task length
(minutes)

Discover more information
about a specific topic

8.0% 6.8 24.8 13.5

Find a specific fact 7.0% 3.2 40.0 7.9
Find facts about a person 1.8% 6.9 18.9 4.8
Learn how to perform a task 2.0% 13.0 11.9 8.5
Do education-related tasks online 1.5% — — —
Procedural knowledge intent 1.7% 4.1 — 10.0
Declarative knowledge intent 1.4% 6.3 — 16.7

Rows 1–5 from Bailey et al. [56] and rows 6-7 from Eickhoff et al. [57]. A blank (—) cell indicates specific numbers were not reported for that

intent/task.
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perused, creating an inaccurate set of proxy learning indicators. We discuss future directions researchers are pursuing

for overcoming some of these issues in Section 5.4. Second, search log data may provide a limited window on what the

user is seeing, paying attention to and expressing about their need. In many cases, for example, the search log behaviour

of a user who is struggling can appear to be very similar to that of a user who is successful in their efforts [60]. In such

scenarios, researchers have successfully developed and applied classifiers that detect characteristic query reformulation

patterns of struggling users in order to distinguish success from frustration [60]. Finally, an additional set of limitations

stems from the nature of search log data itself. Even assuming a perfect ability to infer intent from data, obtaining com-

plete and correct user behaviour data for individuals can be problematic. Attribution of search activity to a specific user

is usually performed using an auto-generated unique identifier based on Web cookies or a browser instance. However,

multiple people searching on the same machine is common: a recent study by White et al. estimated that 56% of unique

identifiers in a search log actually comprised activity from multiple searchers [61]. Conversely, a single user’s log activ-

ity may be split across machines or devices, making a complete picture of that individual’s behaviour more difficult to

obtain. This problem is being addressed in part by the development of automatic methods to attribute activity to the cor-

rect user [61].

In short, there are many sources of potential noise and uncertainty in attempting to infer the latent intent or mental

state of the user from a limited set of online observations. While this is indeed a difficult challenge, the examples cited

above, along with future work discussed below, show that researchers are making progress in using machine learning

and deeper natural language processing approaches to at least identify high-precision subsets of cases where algorithms

can achieve an effective level of confidence in their predictions of learning intent and progress.

4.2. Estimating motivation to learn while searching

Given a particular web search-based learning task, other recent work has attempted to assess the motivation that users

exhibit when attempting to complete information-seeking tasks. In a study by Kim et al. [62], the authors attempted to

capture a user’s motivation to find important information by estimating the effort they undertook to get it, via their read-

ing stretch behaviour, whereby users engage in short-term search activity that involves searching and browsing docu-

ments far above their ‘typical’ reading level. To detect reading stretch behaviour, Kim et al. first computed a text

readability score for every web page accessed in the search log, using the robust statistical approach given by Collins-

Thompson and Callan [63]. With these readability scores, they were able to estimate a user’s typical reading level profile

over a 2 month period by computing the distribution of readability scores over past clicked documents. Next, they identi-

fied search sessions in which the average reading level of clicked documents was at least four US grade levels higher

than the average reading level of that same user’s reading profile. By comparing normalized word histograms from titles

of clicked pages in ‘stretch’ sessions with titles in all search sessions, they elicited the topics and tasks that were highly

associated with stretch reading behaviour. These tasks corresponded to high-motivation scenarios in which users were

trying to learn about areas such as medical tests and procedures, college entrance tests and financial aid options, filling

out government forms, finding technical solutions to computer crashes and virus infections, and looking for a new job.

4.3. Measuring change in expertise over time

Learning and expertise are closely connected: expertise is an evolving characteristic of users that reflects learning over

time, rather than being a static property. Wildemuth [64] examined how a user’s domain expertise, that is, their knowl-

edge and experience in a particular profession or discipline, was reflected in their choice of search strategies. She found

that domain novices tended to exhibit increasingly similar search strategies to those of more expert users as the novices

learned more about the topic. Other previous work on domain knowledge and expertise [65] has characterized domain

expertise and search behaviour in terms of metrics that can be derived from search logs, such as:

Website visitation: Experts tend to visit different and more diverse websites in a subject area than novices. One measure of this is

the average number of unique top-level websites on a search result page (SERP) or across clicked documents.

Focus: Experts tend to explore more narrow topical spaces than non-experts. The degree to which a SERP is covered by a single

topic is one measure of focus. Topics may be derived based on existing class hierarchies such as the Open Directory Project.

Entropy: While focus measures degree of coverage by a single topic, entropy captures diversity across multiple topics on search

results pages. Experts typically have higher focus, less diversity, and thus, lower entropy across topics.

Branchiness: White et al. [65] found that domain experts tend to follow more ‘branchy’ paths than novices, returning to a previ-

ously visited point and then following a new unexplored direction. Specific path features include the search depth and quality of

results along typical paths.
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Dwell time: This is the time a user spends reading a search result document. White et al. [65] found that experts tend to spend less

time per page during a search, perhaps because they are more adept at making assessments of technical or specialized content. A

more general category of features measures the pace of interaction for search and browsing (e.g. time until the first question is

asked, or time until the first document is saved).

Query and session complexity: The use of domain-specific, technical, or specialized terms in queries can be associated with

expert vs non-expert searchers. More generally, characteristics such as the number of queries submitted and query reformulation

patterns may also be used.

White et al. [65] identified expert users in medicine, finance, law and computer science by their visitation patterns to a

pre-determined set of specialist websites, which were identified in turn from discussion with domain experts in each sub-

ject area. The non-expert users selected for comparison were those who also showed interest in the same topics according

to their search behaviour. In related work, Zhang et al. [66] characterized domain expertise in terms of similar classes of

features derived from search behaviour.

Previous work on modelling domain expertise in searching typically focused on longer-term behaviour patterns across

sessions. However, in one of the first large-scale search log-based studies to examine session-level features of tasks

where people are explicitly searching for new knowledge, Eickhoff et al. [57] looked at within-session changes for these

expertise metrics. They focused on two specific types of knowledge acquisition: procedural knowledge (how to do some-

thing) vs declarative knowledge (knowing facts about something). The authors found evidence both for learning progress

within single sessions and for persistence of learning across sessions. Significant proportions of new query terms came

from result page snippets and recently visited pages, showing that the search process itself contributed to augmenting the

user’s domain knowledge.

4.4. Log-based analysis and metrics for comprehensive search

In general, current web search engines provide a rather limited interface, and thus, a correspondingly limited set of inter-

action events and content for logging. Although users interact with web search interfaces for the purpose of comprehen-

sive search – evaluating usefulness, assessing credibility, comparing multiple sources and differentiating value of

information – such interactions are rarely captured with current interfaces for web search engines. Thus, we envision that

progress in machine learning and natural language processing algorithms for tackling the challenges of current search

log analysis, as described above, will provide a good foundation for further advances in understanding human searching

as a learning process. This progress will be especially effective when applied to the collection of rich search trails and

analysis of interactions that will be enabled by the affordances present in the next generation of user interfaces that sup-

port comprehensive search for critical and creative learning.

The log-based analysis and metrics described above are well-suited to being extended to support comprehensive search.

In one example, users’ search trails to and from web documents, which were derived in a limited form from traditional

search logs to enable expertise modelling as described above, could be extended in two ways. First, additional events based

on comprehensive search activity could capture new sources of evidence from users, for example, user judgements about

evaluation, credibility or comparison of multiple sources. Second, new types of relationships between documents that con-

stitute a search trail, such as the set of documents that give credible alternative views for a given document, could be added

to the search trail representation. This combination of new user events and new document relationship types could enable

comprehensive search engines to use the resulting log data for learning the association between properties of comprehen-

sive search trails and the estimated usefulness of documents for different learning outcomes.

5. Agendas for future research

Based on the literature review carried out in this paper, we suggest the following future research directions and agendas.

5.1. Developing a search system that supports sense-making and enhances learning

Search systems need to be reconfigured to supporting more diverse types of learning beyond knowledge acquisition. As

we discussed in the Introduction section, current search systems are optimized for look-up tasks and not well-suited for

learning and investigative tasks [8]. Marchionini [8] and other researchers [33, 34] have proposed exploratory search as

a framework that could support search activities for the purpose of learning and investigation. We would go even further,

arguing that search systems could be transformed as a learning technology that could support critical and creative learn-

ing through various kinds of search behaviour, such as evaluating the usefulness of information critically, differentiating,
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monitoring, tracking, prioritizing and sense-making. While engaging in the diverse behaviour that comprises comprehen-

sive search, people accomplish those learning activities described in Bloom’s taxonomy as higher-level learning, includ-

ing organizing ideas, identifying and analysing patterns, comparing different ideas, integrating ideas, and eventually,

creating new ideas. This research direction moves away from conceptualizing search systems as a ‘tool’ for learning.

Instead, this direction emphasizes the learning processes, experiences and outcomes involved during and after the search

process to support critical and creative learning.

Another concept that could usefully inform the design of search systems is that of sense-making. The sense-making

process is about creating knowledge structures and making sense of the data/information that has been acquired through

the information seeking task [67]. Generally, such representations use textual representations and maps, diagrams and

tables or other modalities to organize and structure information in order to make sense of it [68]. The sense-making pro-

cess is about encoding information into external representations in order to answer complex, relational, interlinked, con-

textual and task-specific questions. A new search system could support learning by offering more interactive functions

such as tagging for annotation or tracking individuals’ search history so that a learner could return to a particular learn-

ing point. In addition, a system could provide new features that allow learners to reflect upon their own learning process

and search outcomes, thus facilitating the development of critical thinking skills.

5.2. Supporting effective user interaction for searching as learning

One approach to take in future research is to design search interfaces to better support learning with respect to the search

process [69]. It is well known that information objects encountered during the search process could trigger the searcher

to shift their search tasks or intentions [22]. O’Day and Jeffries [70] found that search results for a goal tend to trigger

new goals; they concluded that one of the main values of searching was, thus, the very process of acquiring information

and accumulating learning. Therefore, new tools might be designed to facilitate learning by prompting with additional

query terms or asking questions for critical thinking.

Marchionini et al. [71] present a framework that describes a set of six different user interface views they call agile-

views. Agileviews consist of the following views in which a variety of interaction with information can take place: pri-

mary views, overviews, previews, reviews, peripheral views and shared views. The primary view shows the documents

that have been accessed, and the list of the search results. Here the user may not only see a ranked list of hits. According

to Table 1, the user can at this stage be involved in learning behaviour like recognizing or recalling, matching and com-

prehending. The overviews may facilitate different kinds of starting points for interacting and utilizing the information

for the user. The overviews will also orient the user to the choices that are available and thus, start learning activities

such as labelling, separating and sorting (Table 1). Marchionini’s [71] previews interface shows the user what will hap-

pen if a certain choice is made. The learning behaviours that could be supported here are probing, planning, aggregating

and integrating (Table 1). This could then be used for more informed decisions of what to do next [68]. Reviews allow

for revisiting past choices, essentially providing search history, and this may support learning activities such as recalling,

identifying, sorting, planning and revising (Table 1). Next, peripheral views show ‘background’ information that eventu-

ally may become of interest. This type of information is not the current focus of attention for the user. Learning beha-

viour that could be supported by this activity includes contrasting and monitoring. Finally, shared views can inform and

show past and current state of search process that other people are involved in [72]. This is a very important view that

may be related to learning behaviours such as comprehending, critiquing, contrasting and discovering (Table 1).

As mentioned above, browsing can be considered as part of the search process. Browsing strategies involve the pro-

cess of following a chain of links, but also jumping between different views [73]. In this way browsing could be consid-

ered as a casual and undirected exploration of navigation structures (mental models and cognitive representations of

information). In most cases, these navigation (browsing) structures are automatically or manually defined. Documents

are then assigned to these labels/categories. Hearst [73] describes a set of interfaces for grouping search results and col-

lections by flat categories, hierarchical categories and also faceted categories, which can have implication for supporting

learning behaviours

In agreement with Hearst [73], the agileviews framework emphasizes the need to support dynamic interaction among

the different types of views to support search strategies. We argue that, when designing these navigational structures as

well as designing the search functionalities, support for learning behaviours should be acknowledged.

5.3. Providing an inquiry-based information literacy tool within a search system

The third research direction is to develop a new kind of information literacy programme that integrates information lit-

eracy instructions into the design of a search system. To this end, we could consider developing a search system that
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employs a scaffolding-guided inquiry framework. Scaffolding refers to the practice of supporting learners by providing

targeted assistance, either technical or social (through adults or capable peers), in order to help learners engage in tasks

that are beyond their current level of proficiency [74]. This new information literacy tool could also use ‘guided inquiry’

[75], which emphasizes open-ended questions that motivate students to take more active ownership of their own learning

through exploratory research processes. The guided inquiry process has eight phases: open the inquiry; immerse in the

experience; explore interesting ideas; identify the inquiry question; gather important information; create to communi-

cate; share learning; and evaluate achievement of learning goals [76]. Through the inquiry process, students are actively

engaged in the subject content, pursuing a range of specific questions and attaining a deeper and broader understanding

of the content. Research questions to be asked towards this research direction include: (a) what features and functionality

of the scaffolding-guided inquiry tool are effective at helping students to engage in active searching and sense-making;

(b) to what extent do students learn more broadly by being actively engaged in the search process; and (c) to what extent

do students develop critical learning skills through scaffolding-guided inquiry? This tool could also involve cognitive

and metacognitive strategies to support students with various aspects of searching, such as helping students track their

search progress with respect to their goals and helping them reflect on important aspects of their searching process by

using tagging features. By incorporating the design approach developed in scaffolding-guided inquiry [77], the purpose

of developing an information literacy tool is not to improve students’ searching skills but to improve their critical think-

ing skills.

5.4. Future directions for assessing learning from online search behaviour

Focusing on the goal of comprehensive search will require research advances in most, if not all, of the key areas dis-

cussed here. In particular, modelling and assessing comprehensive search progress will require richer representations of

learning and expertise that capture not only the nature and progress of domain expertise over time, but also potentially

how this additional expertise is acquired, for example, if diverse perspectives are encountered along the learning path, or

if multiple sources of evidence are gathered in support of a conclusion. Recent research that has mined the rich user

interaction evidence in search trails [78] from log data may be one approach to characterizing important features of the

learning process during search.

In order to provide search results that are most appropriate for a specific user’s desired level of understanding,

researchers have also begun investigating search engine ranking algorithms that account for the complexity of content

compared with the domain expertise of learners. These are based on user profiles and ranking algorithms that have been

trained on features derived partly from extensive log data. A recent example of this is the study by Collins-Thompson

et al. [79], which found that text readability was a valuable relevance signal for web search, leading to significantly

improved rankings. In related work, Tan et al. [80] defined a comprehensibility measure of content posted on the

Yahoo! Answers question-answering site in order to provide personalized ranking that ranked simple vs complex techni-

cal answers depending on the user’s domain expertise. In another promising direction, researchers have begun exploring

additional sources of behavioural data, for example, eye-tracking devices [81] that can augment log files with gaze posi-

tion and movement data to provide a more complete view of where and how the user is focusing their attention and

learning effort.

In sum, researchers are making promising advances towards models of learning intent, motivation, domain expertise

and content complexity that can enable richer representations of queries, users and content for assessing learning oppor-

tunities and outcomes. Furthermore, these findings provide early evidence that implicit and explicit signals from search

interaction can be used to identify learning tasks, assess motivation and predict the degree and growth of a user’s domain

expertise. In future work, what we learn from log-based assessment measures – while not without its limitations – could

be used as an additional rich source of evidence for improving future result quality and overall search experience for per-

sonalized, learning-related search tasks.

6. Conclusion

The analysis of previous studies on searching and learning reveals that the association between searching and learning

was often unclear and the association between these two concepts has not been the focus. In this paper, we did not

attempt to provide a definitive statement characterizing the relationship between searching and learning. Rather, we pre-

sented multiple perspectives and empirical studies that demonstrate the complexity and ‘messiness’ of the association of

searching and learning. We then proposed a new perspective on searching as a learning process focusing on comprehen-

sive search. We also discussed the potential of search interaction data to support and assess search-related learning.

Finally, we presented three research directions that could be pursued in future research.
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Based on the critical reviews we have conducted, we offer the following summaries about searching as learning:

(1) Perspectives – it is important to distinguish different kinds of constructs of learning in searching. When informa-

tion is defined as a thing [82] that humans seek, evaluate and use, searching is conceptualized as a learning tool

and assessment of learning is often made based on search outputs. When information is considered as knowledge

or belief from a constructivist epistemology, searching is reconceptualized as a learning process best measured

in terms of conceptual changes in existing knowledge structure and beliefs, as well as the outcomes for search

tasks.

(2) Evaluation – previous research provides early evidence that learning-related tasks account for a significant pro-

portion of all web search sessions, and that implicit and explicit signals from search interaction can be used to

identify learning tasks, assess motivation and predict the degree and growth of a user’s domain expertise. We

envision that this growing body of research that seeks to understand and support search users by leveraging their

interaction patterns and history will also have fruitful applications to tasks and assessment involved in compre-

hensive search.

(3) System – recent work has demonstrated that models of domain expertise and content complexity can enable the

assessment of learning opportunities and outcomes. Such modelling could serve as the basis for developing an

innovative search system that supports people’s learning through comprehensive searching.

(4) Interface – we discussed how earlier research in the areas of interaction design and information seeking and

retrieval, such as user interfaces that provide rich sets of search views and browsing support – and ways for

search and browsing to interact – are well-aligned with different comprehensive search tasks. We envision com-

prehensive search systems being built by bringing together these elements in novel ways to provide information

spaces that facilitate explicit and implicit learning behaviours. Moreover, we foresee that the search log data

gathered from users interacting with these new interface elements and affordances will provide novel data min-

ing opportunities on which current log analysis techniques for understanding and supporting learning can build.

At least three research communities – information behaviour, information literacy and information retrieval – within

the field of information science have long investigated the intersection of searching and learning. In order to advance

research on searching as learning, these research communities need to engage in more communication and collaboration.

In addition, theoretical and empirical research conducted in other disciplines such as learning sciences, machine learning,

instructional technology and educational psychology will also play an important role in helping us develop innovative

search technologies of the future. We hope that this paper has successfully demonstrated that the pursuit of searching as

learning as a distinct research agenda is a challenging, but worthwhile problem facing information science researchers.
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