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ABSTRACT
There is a growing body of research in the Search as Learning com-
munity that recognizes the need for users to learn during search,
but modern search systems have yet to adapt to support this need.
Our research proposes three research goals toward addressing the
support of user learning during search. Research goal 1 (RG1) in-
troduces a more precise and reliable metric of assessing user learn-
ing. Anderson & Krathwohl’s 2-dimensional taxonomy is used as a
framework to develop learning objectives and assessment questions
to measure user learning during search. Additionally, Anderson
& Krathwohl’s taxonomy is used as a coding scheme to outline
the pathways users traverse along the way to a particular learning
objective. Research goal 2 (RG2) investigates the prediction of learn-
ing objectives using behavioral measures. Finally, research goal 3
(RG3) proposes a search system that presents information relevant
to the user based on their current learning sub-goal and scaffolds
information based on the pathways they are likely to traverse given
a particular learning objective.
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1 INTRODUCTION
Learning is a common process during search and an important
outcome of search. Modern search systems, however, have been op-
timized for simple lookup tasks and often lack the support, feedback,
and design necessary for effective user learning. In response to this
need, work in the Search as Learning community has focused efforts
around better understanding human learning, measuring learning
and learning outcomes during search, and designing systems that
promote learning [7].

The proposed research investigates learning during search. In
particular, we focus on the three following research goals.
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RG1: The first research goal investigates effective defining and
assessment of user learning objectives during search. In order to
design a system that effectively supports learning during search,
we must first better understand and assess learning of users. In
the field of education, Anderson & Krathwohl’s two-dimensional
taxonomy of learning was developed to help educators more pre-
cisely measure learning objectives [1]. In the context of interactive
information retrieval (IIR), researchers have used this taxonomy to
investigate how cognitive processes associated with search tasks
influence users’ needs, behaviors, and experiences [2, 6, 11–13, 16].
This application of A&K’s 2D taxonomy has been exclusively along
a single dimension, the cognitive process dimension. We extend
the application of A&K’s 2D taxonomy to include both dimensions
of the taxonomy, the cognitive process dimension and the knowl-
edge dimension. Using both dimensions allows us to more precisely
define and articulate both the user learning objectives and the as-
sessment of user learning. A&K’s 2D taxonomy also checks the
alignment of the learning objective and assessment to ensure as-
sessment questions correspond to what a user is intending to learn.

Our first research goal will use A&K’s 2D taxonomy to design
search learning tasks and assessment questions that correspond
to a particular cognitive process and knowledge type combination.
Some prior work has used A&K’s 2D taxonomy to score written
summaries and test questions [8, 15]. Our research will extend this
work by using both dimensions of A&K’s 2D taxonomy to catego-
rize assessment questions into a particular cell. We also use A&K’s
taxonomy to ensure the alignment of assessment and learning ob-
jective (search learning task). Using both dimensions of A&K’s 2D
taxonomy to design search learning tasks and assessment ques-
tions will allow us to control for the knowledge dimension. This
will help us to better understand the strength of the effects found
(e.g., perceived difficulty) in prior work on cognitive processes.
Perhaps effects grows stronger as we move down the knowledge di-
mension? We will also investigate the knowledge dimension itself—
understanding the effects of the knowledge dimension on outcomes
related to: (1) search behaviors, (2) types of information, (3) per-
ceived difficulty, and (4) learning.

Additionally, A&K’s 2D taxonomy will be applied as a coding
scheme to categorize user’s search session think-aloud comments.
This will allow us to better understand the ways users break learn-
ing objectives into sub-goals. Each learning unit or learning need
transition will be mapped to a particular cell in A&K’s taxonomy
to reveal the learning pathways traversed by searchers based on
their specific learning objective.

RG2: The second research goal (RG2) will investigate predicting
a user’s learning objective during search. Understanding a user’s
learning end goal before they reach the end of their search session
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would allow a system to provide support specific to their learning
need. Learning objectives will be defined by tasks that have been
mapped to a knowledge type and cognitive process cell in A&K’s
2-D taxonomy. We will generate behavioral measures to develop
and evaluate models that predict a user’s specific learning objective.

RG3: The third research goal (RG3) will be to develop and eval-
uate a search system that presents information to support user
learning. Current search systems are effective at simple lookup
tasks but lack supportive structure useful for user learning. In order
to better support learning during search we will develop a system
that provides relevant and scaffolded information based on a user’s
particular learning objective or current learning sub-goal. This
system will use information from RG2 that correlates a particular
learning objective with a particular information type. For example,
if a user is engaged in a learning objective involving procedural
knowledge, the system would present relevant video tutorials given
that procedural knowledge learning objectives are found to be cor-
related with video information type. Prior work in self-regulated
learning has shown the importance of setting sub-goals for suc-
cessful learners [3]. Given the importance of sub-goals in learning,
our system will provide scaffolding for the user. Using pathways
data from RG1, the system will scaffold a learning objective into
commonly traversed sub-goals or cells in A&K’s 2D taxonomy.

2 BACKGROUND
Our proposed research applies Anderson & Krathwohl’s 2-D tax-
onomy and builds on three areas of prior work. First, we build on
work in IIR that has studied cognitive complexity. Second, we build
on prior work that has investigated predicting knowledge gains.
Finally, we build on studies of self-regulated learning, which aim to
understand the qualities and mental activities of effective learners.

Anderson & Krathwohl 2-D Taxonomy: Anderson & Krath-
wohl’s 2-dimensional taxonomy [1] comes from the field of edu-
cation. A&K’s 2-D taxonomy was developed to better define and
articulate learning objectives and the activities and assessment
aligned with such objectives. A&K’s 2-D taxonomy is comprised
of a cognitive process dimension and a knowledge type dimension.
The cognitive process dimension contains six levels of increasing
complexity—(1) remember (recalling information), (2) understand
(constructing meaning), (3) apply (using information), (4) analyze
(breaking information into parts), (5) evaluate (judging information
based on criteria), and (6) create (novel form of information). The
knowledge type dimension contains four levels ranging from the
most concrete to the most abstract—(1) factual (basic information
elements), (2) conceptual (larger framework and relationships of
information), (3) procedural (steps of how to do something), and
(4) metacognitive (knowledge of cognition and self-knowledge).

Cognitive Complexity: Cognitive complexity, in terms of IIR,
refers to the various mental activities that are required to com-
plete a given learning-intensive search task. The work of Jansen
et al. [12] first introduced the application of A&K’s taxonomy to
develop search tasks along varying cognitive complexity levels. Re-
sults found that participants expended the most effort during tasks
associated with the mid-complex levels (i.e., apply and analyze). For
these tasks, participants visited more pages, issued more queries,

issued longer queries, and had longer completion times. One possi-
bility is that participants satisficed during the most complex tasks
of evaluate and create.

A&K’s taxonomy was also applied in the work of Wu et al. [16]
to develop 20 search tasks which varied along 5 cognitive process
levels (the apply cognitive level was not included). A subset of 10
of the developed tasks were used in a lab study to investigate the
effects of complexity on user behaviors. Mid-complexity tasks were
found to be more engaging, potentially because tasks of mid-level
cognitive complexity tend to bemid-range in difficulty. During tasks
of higher complexity, such as evaluate and create, participants ex-
hibited more search activity and participants reported greater levels
of perceived difficulty. Kelly et al. [13] used all 20 search tasks from
Wu et al. [16] in a subsequent study and confirmed those trends
fromWu et al. [16]. Additionally, during complex tasks participants
had more divergent search strategies compared to each other. Also
using a subset of tasks developed in Wu et al. [16], Capra et al. [6]
introduced a search assistance tool that displayed search trails of
participants who had previously completed that same task. This
study investigated the effects of task complexity on participants’
use of this search assistance tool. Results found that complex tasks
had greater use of the tool. Brennan et al. [5] studied how task
complexity affects searchers with different cognitive abilities. One
cognitive ability, associated memory (AM), had an interaction effect
with task complexity. Participants in the high-AM group experi-
enced similar levels of time pressure irrespective of task complexity.
Conversely, low-AM participants experienced greater time pressure
during complex versus simple tasks.

LearningAssessment: Prior work in IIR has used various meth-
ods of knowledge gain measurement to address open questions in
the Search as Learning community regarding user learning during
search. Wilson and Wilson [15] assessed participants’ knowledge
gains by scoring participants’ post-task written summaries. A sub-
set of the codes (D-Qual, D-Intrp, and D-Crit) were developed using
cognitive process levels from A&K’s taxonomy. D-Qual (understand
cognitive process) and D-Intrp (analyze cognitive process) codes de-
tected knowledge gains more effectively. The imposed time limit (5
minutes) in which to write summaries may have affected the D-Crit
(evaluate cognitive process) code’s precision in detecting knowledge
gains. Collins-Thompson et al. [8] created six open-ended questions
(Q1-Q6) for a particular task, each question corresponding to a sin-
gle cognitive process in A&K’s 2D taxonomy. Participant answers
to questions were scored for exhibiting factual versus conceptual
knowledge types. Tasks categorized as easy showed participant
knowledge gains of “low-level learning” (Q1-Q3) and tasks catego-
rized as more difficult showed more “high-level learning” (Q4-Q6).
Gadiraju et al. [9] measure knowledge gains of participants using
pre- and post-task assessments with answer choices: true, false, and
I don’t know. Time spent reading pages and complex query-terms
were positively correlated with knowledge gains.

Self-Regulated Learning: Prior work in self-regulated learn-
ing has recognized several characteristics of effective self-regulated
learners. Azevedo et al. [3] created a qualitative coding scheme to
identify characteristics of so-called “high jumpers” who acquired
more complex mental models of a given subject while gathering
information in a hypermedia environment. High jumpers planned

Doctoral Consortium  CHIIR ’20, March 14–18, 2020, Vancouver, BC, Canada

508



learning through the creation of sub-goals, activated prior knowl-
edge, monitored their understanding throughout the session, and
planned their time.

Biswas et al. [4] discusses scaffolding in Open-Ended Learning
Environments (OELEs) to support novice learners. These scaffolds
are defined as “actions taken by the learning environment, based
on the learner’s interactions, intended to support the learner in
completing a task and understanding the topic.” [4, p.1]. Moos [14]
discusses various approaches to scaffolding. Recent insights in scaf-
folding highlight the need for individualized assistance that pro-
vides ongoing diagnosis, support, and feedback throughout a given
learning task. Also, effective scaffolding requires that assistance
decreases as a student’s competence increases.

3 PHASE 1: UNDERSTANDING AND
PREDICTING LEARNING

Phase 1 of research will consist of two distinct studies. Study 1
will address RG1 using A&K’s 2D taxonomy to develop and opera-
tionalize search learning tasks (learning objectives), assessment of
learning acquired during search, and mapping of user think-aloud
comments to sub-goals along a learning pathway. Study 2 addresses
RG2 and predict user learning objectives using behavioral measures.

Study 1 - Learning Pathways: Study 1 will aim to understand—
(1) how a learning objective affects outcomes such as search behav-
ior and learning and (2) how users sub-divide learning objectives
into smaller sub-goals (associated with specific cells in A&K’s 2-D
taxonomy) that are either planned or serendipitous. Our goal is
to uncover common pathways traversed by users based on their
ultimate learning objectives. Gaining such insights will enable us
to develop search systems and tools that provide scaffolding and
encourage learning.

Anderson & Krathwohl frame learning objectives as a verb-noun
pair [1]. Here, we consider our search learning task to be a learning
objective, thus also a verb-noun pair. The verb of the search learning
task maps to the cognitive level in the taxonomy and the noun maps
to the knowledge type. For example, “Run a mergesort on this set
of integers: {9,2,6,3,8,1,4,7}.” This search learning task is categorized
as apply cognitive process and procedural knowledge. The verb
run indicates using knowledge or apply and the noun mergesort
indicates a series of steps or procedural knowledge.

We define learning pathways as a series of sub-goals that users
encounter on the way to their specific learning objective. For ex-
ample, a user might have the following learning objective “judge
whether mergesort or heapsort is most efficient and explain why.”
During a search session for this learning objective a user unfamil-
iar with the topic may break apart their search process into the
following sub-goals: (1) gather information about steps of a heap-
sort (understand procedural), (2) gather information about steps of
mergesort (understand procedural), (3) gather information about
a newly encountered concept “divide and conquer” algorithm (un-
derstand conceptual), (4) try running a mergesort algorithm (apply
procedural), and (5) find articles that distinguishes mergesort from
heapsort (analyze procedural). At the final step (5) the user finds an
article with a graph that shows the efficiency of mergesort being
greater than that of heapsort and is able to arrive at a judgment
choosing mergesort as the more efficient algorithm. This pathway

contains five subgoals and covers four unique cells of A&K’s taxon-
omy in route to the final evaluate procedural learning objective.

The study protocol will proceed as follows. Participants will
complete three tasks of varying complexity and knowledge type.
During each task, participants will be asked to search for informa-
tion and take notes. Next, participants will review their notes and
produce a verbal response to the task’s main question, which will be
video recorded. Participants will complete pre- and post-task ques-
tionnaires before and after each task. The pre-task questionnaire
is designed to measure interest and prior knowledge, task under-
standing and a priori determinability, expected difficulty in search
and video assessment, and perceptions of cognitive processes and
knowledge types. The post-task questionnaire is designed to mea-
sure interest, perceived knowledge increase, experienced difficulty
and satisfaction in search and video assessment, and perceptions of
cognitive processes and knowledge types engaged in during search.
Finally, we will give an assessment that asks various questions
covering five of the cognitive processes of all three tasks to assess
depth of knowledge across topics.

The study will investigate four main research questions. To re-
iterate, participants will complete learning-intensive search tasks
associated with a specific cognitive process and knowledge type in
A&K’s taxonomy. RQ1 investigates the effects of the task’s knowl-
edge type and cognitive process (learning objective) on outcomes
related to: (1) search behaviors, (2) types of information used (e.g.,
there may be a correlation between procedural knowledge and
video demonstrations), (3) perceived difficulty, and (4) learning.
To measure learning, participants will complete post-task tests de-
signed to measure knowledge gains associated with specific knowl-
edge types and cognitive processes along A&K’s taxonomy. RQ2
investigates the learning pathways. What are the regularities or
frequencies of pathways (series of sub-goals) users traverse dur-
ing a search session? We will analyze these pathways as a series
of transition probabilities from one cell (sub-goal) to another cell
in A&K’s taxonomy. RQ3 investigates the effect of the learning
objective (knowledge type and cognitive process combination) on
the learning pathways. Perhaps less complex cognitive processes
(e.g., remember) elicit shorter (and more straightforward) pathways
along the taxonomy than more complex cognitive processes (e.g.,
evaluate). A secondary question of RQ3—How do user characteris-
tics affect learning pathways? Perhaps domain knowledge impacts
a user’s starting point in A&K’s taxonomy, e.g., a novice may start
in understand conceptual where an expert may start in analyze
conceptual. Finally, RQ4 investigates the effects of the pathway on
learning conditioned on a particular learning objective. We hypoth-
esize, given a fixed learning objective, users who traverse fewer cells
might experience lower knowledge gains than those who traverse
a greater number of cells.

To address these questions various data will be collected and
analyzed. Pre-/post-questionnaire data will be analyzed along with
the scored (using a key of predetermined correct answers) task
assessment questions. Think-aloud comments indicative of sub-
goal shifts will be coded using A&K’s 2D taxonomy as a particular
cognitive process/knowledge type combination. System interaction
data (e.g., queries) will be collected across search sessions.

Study 2 - Predicting Learning Objectives: The second study
will target RG2, investigating the prediction of learning objectives
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using behavioral measures captured during search sessions. Search
tasks will be designed using A&K’s 2D taxonomy with varying
cognitive processes and knowledge types.

The data collection will be conducted using Amazon’s Mechan-
ical Turk (MTurk). Participants will be given a search task and
access to a live search engine. All user interactions with the search
service will be logged on our server. This user interaction data
will be included in the behavioral measures used to develop and
evaluate models that predict learning objectives corresponding to
a particular cell in A&K’s 2D taxonomy.

The experimental protocol will be as follows. After reading the
task, participants will complete a pre-task questionnaire designed
to measure the participant’s level of prior knowledge in the task
domain, interest, and perceptions of determinability (i.e., lack of
uncertainty regarding the task requirements, processes involved,
and form of the solution). Participants will be asked to complete
search tasks oriented toward a learning objective that fits a specific
cell in the taxonomy. Upon completing the search task, participants
will be given a single short-answer assessment question to better
understand what the user learned from the search session followed
by a post-task questionnaire asking about their level of engagement
throughout the search session and their retrospective assessment
of the task difficulty.

This study will target one main research question. What are be-
havioral indicators that are predictive of a user’s learning objective
(knowledge type and cognitive process combination)? We will con-
sider different types of evidence including—amount of information,
trial and error, types of information, and temporal characteristics.

4 PHASE 2: SYSTEM-SUPPORTED LEARNING
Prior work in self-regulated learning has highlighted the impor-
tance of goal-setting and system scaffolding for successful user
learning [3, 10]. In Phase 2, RG3 will be targeted through the devel-
opment of a system that (1) presents types of information found to
be relevant for a particular learning objective and (2) scaffolds in-
formation into sub-goals relevant to a particular learning objective.
Addressing the first target, the system will present users with types
of information found (in RG2) to be predictive of the particular
learning goal a user is currently investigating. For example, if a
user is investigating an understand conceptual learning goal then
encylopedic articles may be the most predominant search result.
To address the second target, the system will present a user with
sub-goals related to the pathway found from RG1 to be typical for
a given learning objective. For example, if a learning objective is
known to have the pathway: understand conceptual, understand
procedural, apply procedural; then the system could present infor-
mation types and keywords relevant to each sub-goal in sequence.
The main research question for Phase 2 investigates the effect the
new learning-supportive system has on user learning. Does learning
increase in our system versus a traditional system?

5 DISCUSSION
Our research has three main objectives—(RG1) introduce a more
precise and reliable metric of assessing user learning; (RG2) in-
vestigate the prediction of learning objectives using behavioral
measures; and (RG3) propose a search system that supports user
learning. In RG1, we will investigate assessing user learning in two
ways. First, we will develop targeted learning assessment questions

aligned with cells of A&K’s taxonomy. Second, we will investigate
the learning pathways (sub-goals) users traverse given a particular
learning objective (knowledge type and cognitive process). In RG2,
we will use behavioral measures to predict learning objectives. We
will also explore information types associated with different learn-
ing objectives. Finally, in RG3, we will use information from RG1
and RG2 to develop a learning supportive search system. The pro-
posed system will present information types and keywords (from
RG2) associated with a user’s current learning objective. Addition-
ally, findings from RG1 will inform how the proposed system might
scaffold user learning based on the pathways (i.e., cells in A&K’s
taxonomy) a user is likely to traverse given a particular learning
objective.
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