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  Abstract 

 We set the stage for this chapter by recapitulating Winne and Hadwin’s 
(1998) model of self-regulated learning and identifying three obstacles 
learners face when they strive to effectively self-regulate learning autono-
mously. In this context, we provide an overview of the nStudy software 
system, a web application that offers learners a wide array of tools for 
identifying and operating on information they study. We designed nStudy 
to be a laboratory for learners and researchers alike to explore learning 
skills, metacognition and self-regulated learning. As learners use nStudy’s 
tools to study information in the Internet or researchers’ specially pre-
pared HTML material, nStudy logs  fi ne-grained, time-stamped trace data 
that re fl ect the cognitive and metacognitive events in self-regulated learn-
ing. Next steps in work on the nStudy system are to add tools learners that 
provide feedback they can use to advance personal programs of research 

on improving learning skills and gainfully self-regulating learning.      
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   Context 

 Today’s learners are making extensive use of 
information resources in the Internet to do home-
work assignments, mine information for term 
papers, and pursue curiosity-driven  investigations. 

Easy and inexpensive means for online self-pub-
lication—e.g., blogs and free server space—cou-
pled with the exploding popularity of ebooks and 
ebook readers leads us to conjecture that the 
Internet is quickly becoming learners’ chief 
information resource. 

 The Internet’s extensive scope, accessibility, 
and openness has drawbacks. In our experience, 
very few online authors, Web site designers, and 
other information providers con fi gure online 
information in ways that promote or, at least, 
don’t interfere with learning processes. (see 
Mayer,  2005 , for a compendium of these 
 principles.) Our informal survey of Internet 
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 information sources shows that the accuracy and 
reliability of information varies wildly, and that 
empirically validated guidelines for promoting 
learning are rarely evident with respect to the 
organization and layout of information, adjuncts 
(summaries, tables,  fi gures, etc.), cues (e.g., font 
styles), and other widely researched features of 
instructional design. Compounding these  fl aws, 
some information sources overuse features that 
spike super fi cial appeal at likely cost to promot-
ing deep understanding. As well, the sheer scope 
of information and its unsystematic cataloguing 
substantially increases the challenge learners face 
to select, coordinate, and synthesize information 
from hundreds of thousands of potential sources. 
In this context, learners face an intimidating task. 
They must simultaneously be skilled librarians, 
content appraisers, curriculum organizers, self-
teachers, and learning skills specialists. Skills 
they need to succeed are underdeveloped (Nist & 
Holschuh,  2000 ; Pressley, Yokoi, van Meter, Van 
Etten, & Freebern,  1997  ) . Thus, in an already 
cognitively demanding situation, learners also 
should work on improving learning skills. In 
short, learners seeking to learn from information 
resources in the Internet  must  excel at produc-
tively self- regulating learning. 

 Unfortunately, learners have a high probability 
of failing at this task. Tens of thousands of exper-
iments over more than a century of research in 
educational psychology validate at least one 
clear, generalizable, and powerful  fi nding: 
Learners who participate in unstructured control 
groups or “business as usual” comparison groups 
studying information sources that are not care-
fully instructionally designed and who have only 
accumulated experience to guide learning fare 
poorly compared to learners who participate in 
treatments designed by researchers. This disad-
vantage for “learning as usual” is particularly dis-
concerting because most of these less successful 
participants in research have been undergradu-
ates with the “bene fi t” of 12–16 years of formal 
education! 

 We foresee two fundamentally different ways 
to address this challenge for learners foraging for 
knowledge in the Internet. One is to develop soft-
ware technologies that can intelligently intervene 

to help learners compensate for de fi cits in the 
instructional design of information they locate 
and in underdeveloped skills for learning. Other 
chapters in this Handbook report advances on 
this front. A second approach is to provide learn-
ers with tools they can use to carry out a progres-
sive program of personal research that helps them 
productively self-regulate learning so they 
become more effective at learning. To set the 
stage for this second approach, we  fi rst sketch a 
model of self-regulated learning (SRL) and its 
empirical support for self-improving learning.  

   Theory 

 SRL is a cognitively and motivationally active 
approach to learning. We posit learners engage in 
four weakly sequenced and recursive phases of 
cognitive and behavioral activity (Winne,  2011 ; 
Winne & Hadwin,  1998 ; see Fig.  20.1 ).  

 In phase 1, a learner surveys features of an 
assigned (or self-chosen) task as well as the 
environment surrounding it. The environment 
includes external conditions—e.g., standards a 
teacher will use to grade a project, resources 
such as lexicons and search engines—and inter-
nal conditions—e.g., interest in the topic, self-
ef fi cacy, and tactics the learner for studying 
information. The result of this survey is raw 
materials from which the learner constructs an 
understanding of the task as it is  fi rst presented 
and a string of updated states of that task as work 
progresses. Without accurate perceptions of 
tasks, academic performance suffers (Miller 
& Hadwin,  2010  ) . 

 In phase 2, the learner sets goals and, 
 conditional on them, selects and organizes learn-
ing tactics to forge a provisional plan for reaching 
goals. Setting goals with enough speci fi city to 
guide frequent metacognitive monitoring and 
control is a challenging task. It requires learners 
to have accurate perceptions about a task’s fea-
tures plus skill to break distal goals into speci fi c, 
measurable, achieivable, proximial and action-
oriented standards that can be monitored and 
potentially revised on an ongoing basis (Webster, 
Helm, Hadwin, Gendron, & Miller,  2010  ) . 
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  Fig. 20.1    Winne and Hadwin’s 4-phase model of self-
regulated learning. Reprinted with permission from 
Winne, P. H., & Hadwin, A. F. ( 1998 ). Studying as self-
regulated learning. In D. J. Hacker, J. Dunlosky, & A. C. 

Graesser (Ed.),  Metacognition in educational theory and 
practice  (pp. 277–304). Mahwah, NJ: Lawrence Erlbaum 
Associates       
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Choosing how to approach goals is cognitively 
demanding. Theoretically, it involves (a) forecast-
ing products that tactics can create (outcome 
expectations), (b) estimating the value of each 
outcome (its incentive), (c) assessing ef fi cacy for 
carrying out each tactic and the overall plan (self-
ef fi cacy), (d) considering attributions for results 
and the affect(s) linked to attributions (e.g., attrib-
uting success to ability is rewarding but attribut-
ing failure to ability is punishing), and (e) judging 
the marginal utility of choosing one versus another 
plan (see Winne,  1997 ; Winne & Marx,  1989  ) . 

 In phase 3, the learner initiates work on the 
task. As work unfolds, the learner metacogni-
tively monitors progress relative to (a) subgoals 
and (b) the plan generated in phase 2. 
Metacognitive control may be exercised to make 
minor adjustments on the  fl y. Learners are not 
particularly adept at choosing and adapting tac-
tics to adress speci fi c challenges they encounter 
(Hadwin, Webster, Helm, McCardle, & Gendron, 
 2010 ; McCardle et al.,  2010 )   . 

 In phase 4, the learner takes a wide view of 
phases 1 through 3 to consider large-scale changes 
in the de fi nition of the task, the goals and plans for 
reaching them, and the nature of interactions with 
resources to get the task done. This is perhaps the 
most challenging phase in the self-regulatory cycle. 
It requires synthesizing information within as well 
as across studying events, then systematically 
investigating the root source of learning problems. 
Students are challenged to systematically analyze 
their learning even within one academic task that 
spans multiple studying events (Hadwin,  2000 ). 
Furthermore, when  learners neglect to recognize 
patterns in  the match of  tactics to challenges in 
studying, maladaptive  regulation patterns can 
emerge and motivation may be undermined 
(Hadwin, Webster et al.,  2010 ). 

 Throughout each phase and not just in phase 3, 
the active learner metacognitively monitors pro-
cesses and results, and may exercise metacognitive 
control to make changes. Because the learner can 
“jump” to any phase from any other phase, or 
choose to revise the same phase, we theorize that 
work on a task need not unfold serially—phases of 
SRL are weakly sequenced and can generate infor-
mation for any other phase. SRL is recursive. 

   Research on the Model of SRL 

 Work on SRL in academic contexts emerged in 
the 1980s growing mainly from studies investi-
gating learning strategies. Two important  fi ndings 
were established in that seminal research. First, 
learners could be taught learning tactics 1 —methods 
that built comprehension of text, self-questioning 
techniques, and so forth—and, as a result, they 
learned more than peers not taught these cogni-
tive tools (cf. Hadwin & Winne,  1996 ; Hattie, 
Biggs, & Purdie,  1996  ) . Second, after learners 
had acquired tactics and experienced success 
using those tactics, they infrequently transferred 
or generalized use beyond the training context or 
when encouragements to use the tactics were 
withdrawn (see Zimmerman,  2008  ) . This invited 
theorizing to explain why learners did not persist 
in using tactics they could use and had personally 
experienced to bene fi t learning. 

 The second of these  fi ndings makes clear an 
obvious but previously slippery fact: learners are 
agents. They choose how they will learn. Beyond 
recognizing agency, however, the question of how 
and why learners choose tactics for learning—how 
they self-regulate learning—became a critical issue. 

 Greene and Azevedo  (  2007  )  examined a broad 
sample of empirical work in an incisive theoreti-
cal review of research related to our 4-phase 
model of SRL. Their analysis provides warrants 
for our model overall as well as many of its 
speci fi cs. Greene and Azevedo also identi fi ed a 
few key points where more research is needed to 
clarify and test our model.  

   Three Obstacles to Improving 
Learningon One’s Own 

 For reasons not yet clear, learners are unreli-
able observers of (a) features of tasks that 

   1   Researchers far more commonly use the term strategies 
in this regard but we perceive these cognitive scripts typi-
cally provide meager opportunity for strategic judgment; 
see Winne  (  2011  ) . Hence, we use a term that re fl ects a 
more straightforward  If–Then  architecture with less 
complexity, namely, tactics.  
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should guide planning about how to accom-
plish tasks (Hadwin, Oshige, Miller, & Wild, 
 2009 ; Miller,  2009 ; Oshige,  2009  )  and (b) tac-
tics they use in learning (see Winne & Jamieson-
Noel,  2002 ; Winne, Jamieson-Noel, & Muis, 
 2002 ; Winne & Perry,  2000  ) . Except in social 
settings where a peer or teacher can supple-
ment data that learners themselves collect, 
having unreliable data inhibits productive SRL 
because decisions about how to adapt learning 
are based on inaccurate output from metacog-
nitive monitoring. 

 Second, when learners try to use learning tac-
tics that were only recently introduced or tactics 
they have not practiced extensively—that is, 
when tactics are not automated—learners are 
likely to experience a utilization de fi ciency 
(Bjorklund, Miller, Coyle, & Slawinski,  1997  ) . 
A utilization de fi ciency is a situation where a 
learning tactic would be effective if the learner 
chose to use it under appropriate conditions and 
applied it skillfully. But, when conditions are not 
appropriate or the learner’s skill with the tactic is 
not well developed, achievement suffers and 
learners understandably are less motivated to 
continue using the tactic. As a result, they may 
abandon a tactic that, under less demanding cir-
cumstances or with practice, could become an 
effective tool for learning. 

 Third, earlier studies in which learners (a) were 
taught learning tactics and (b) had opportunity to 
observe that the tactics improved their achieve-
ment also document that learners faltered in trans-
ferring tactics (see Zimmerman,  2008  ) . Perhaps 
learners perceived insuf fi cient incentive to apply 
the extra effort to use these tactics outside the 
focused context of research. Perhaps they judged 
the tactics were too complicated or they were 
unsure whether tactics were appropriate in new 
situations that differed from the context in which 
they were learned and practiced. Or, perhaps learn-
ers were able to use the tactics in the research con-
text mainly because, unlike the unrestrained 
Internet, researchers carefully structured materials 
and managed other factors in the external environ-
ment so extraneous cognitive load was limited 
because this enhances the experiment’s sensitivity 
to detect what the researchers were investigating.  

   Implications of the Model and Related 
Research 

 In each phase of SRL, learners seek out and pro-
cess data that are input to metacognitive monitor-
ing. Topics monitored are factors they believe 
affect learning—e.g., effort applied, complexity 
of the task, familiarity with content, perceptions 
of ability, etc. (e.g., see Koriat, Ma’ayan, & 
Nussinson,  2006  ) —along with attributes they 
perceive about the state of their work—degree of 
completion, quality of products, consequences 
likely to be experienced, etc. In phase 1, data that 
describe conditions in the external environment 
and data each learner perceives about her or his 
internal cognitive, motivational and affective fac-
tors are raw materials for developing an under-
standing of tasks at hand. In the other phases of 
SRL, learners gather data about qualities of pro-
cesses and products that metacognitive monitor-
ing compares to goals for processes and products. 
In cases where a learner’s current toolkit of learn-
ing tactics is not suf fi cient, the learner may seek 
out information about new tactics that might help 
to make minor adjustments on-the- fl y in phase 3 
of SRL or, if necessary, to reformulate how they 
approach learning in a major way in phase 4. 

 In short, without reliable, revealing and relevant 
data that support making valid inferences about all 
four phases of SRL, learners will be handicapped. 
But data can be hard to come by. Fine-grained 
records that describe how learning unfolds are not 
a natural byproduct of “getting the work done.” 
Moreover, learners often overlook data. They are 
not clear that data are available. For example, we 
have never encountered a student who explicitly 
kept track of whether information they highlighted 
as they studied was more memorable than material 
they did not highlight. While some recognized the 
possibility to record and analyze these data, effort 
estimated to carry out this “personal research proj-
ect” (   Winne,  2010b ) was too great. 

 In this context, we suggest learners could pro fi t 
if software tools helped them identify, access and 
process data about the environment and how a 
learning task is situated within it, their goals, how 
they study, and what happens when they make 
minor or occasionally major  adjustments to 
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 learning tactics. Next we describe a software envi-
ronment, nStudy, that we and colleagues designed 
and implemented to help learners at the same time 
it gathers extensive data that researchers want for 
their work on learning and SRL.   

   nStudy 

 nStudy (Winne, Hadwin, & Beaudoin,  2010  )  is a 
Web application that runs in the Firefox Web 
browser. It was designed primarily as a tool for 
gathering  fi ne-grained, time-stamped data about 
operations learners apply to information as they 
study online materials. Several features of 
nStudy’s toolkit also were designed to leverage 
well-established principles that research shows 
can improve learning. 

   The Browser and Linking Tools 

 nStudy displays HTML content that an instructor 
or researcher designs, or that is available in the 
Internet. Once learners access a Web page using 
its universal resource locator (URL), they can 
operate on information they  fi nd there. Each 
operation builds a link between speci fi c informa-
tion a learner selects on the Web page and other 
nStudy tools. As the learner constructs links, 
nStudy accumulates titles for each linked tool in 
a table that is organized by the kind of tool to 
which each information selection is linked.  

   Tags 

 To tag information in a Web page, the learner 
selects target text, mod-clicks 2  to expose a con-
textual popup menu and chooses a tagging option. 
In Fig.  20.2 , in addition to a universally available 
generic tag titled  Highlight , the contextual menu 
shows the  fi ve tags the learner has most recently 
used. In Fig.  20.2 , these are as follows: Can do, 
Can’t do, Fallacy, funny, and is this a learning 

objective. A  Tags…  option allows the learner to 
review all tags that have been  constructed before 
assigning a particular tag, and to create new tags. 
Tagging the selected text formats it to have a col-
ored background, per the learner’s preferences, 
and posts the selection, called a quote, to a panel 
at left. The panel shows quotes for all the kinds of 
links the learner has forged to (a) quotes in this 
Web page or to (b) the bookmark that addresses 
the Web page as a whole, as well as terms appear-
ing in the window (discussed later). Double click-
ing on an item in the panel opens the window 
containing its information.   

   Notes and Terms 

 Learners can annotate quotes and bookmarks 
to Web pages by creating notes and terms. 
Figure  20.3  shows a note. nStudy assigns new 
notes a default title of  untitled , which invites 
learners to change it to a meaningful description. 
Characterizing information by classifying it is a 
form of generative processing that promotes 
learning (Wittrock,  2010  ) .  

 For every note, nStudy automatically 
records the quote the learner selected in the 
browser, if there is one, and provides a link to 
the source using the bookmark’s title. On mak-
ing a new note, the learner chooses a schema 
for organizing information in the annotation 
by selecting an option from the dropdown 
 Select Form . A basic note form is provided 
with a single text  fi eld:  Description . As 
Fig.  20.4  shows, researchers and learners can 
customize any note’s form to adapt a schema 
for an annotation that satis fi es particular stan-
dards. Forms can be a one off for use in only 
one particular note or saved for future use. A 
variety of  fi elds are available to create forms 
using a drag-and-drop operation. In the prop-
erties tab (not shown), properties of the  fi eld 
can be de fi ned such as end points for a slider 
and text describing options in a combobox.  

 The researcher or learner can create terms to 
build a lexicon of foundational concepts in the 
domain of study. Terms use a single form includ-
ing three  fi elds: title, quotes, and description (see 
Fig.  20.5 ).   

   2   A mod-click is a right-click in the Windows operat-
ing systems and a control-click in the Apple operating 
system.  
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   Terms and Termnet 

 Whenever the learner opens a browser, note, or 
term window, nStudy surveys its contents to iden-
tify terms appearing in any  fi eld and lists each 
term in the left panel under  Terms Used . This list 
displays the subset of all key concepts in the 
larger domain of study that appear in the window 
in which the learner is currently working. 

 Learners often work nearly simultaneously 
with several windows. To help conceptualize how 
key concepts form bundles of information, any 
term that appears in any window the learner has 
open is shown in the Termnet window (see 
Fig.  20.6 ). The Termnet structures its node-link 
display using a simple semantic relation: if the 
description of one term used another term, a link 
is built between two terms. Literally, the link rep-

resents an “in terms of …” relation. For example, 
suppose “working memory” is a term. If another 
term titled “cognitive load” is described as “the 
degree to which working memory is challenged 
by factors that are intrinsic, germane and extrane-
ous to mastering a learning task” nStudy will link 
the term “cognitive load” to the term “working 
memory.”   

   Other nStudy Tools 

 Each learner has a private workspace. Several 
learners can collaborate in a shared workspace 
where each has full privileges to introduce, link, 
edit and delete information. Information items 
can be easily exchanged across workspaces if 
learners have a peer’s user name. This creates 

  Fig. 20.2    nStudy browser, table of quotes, and linking tools       
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  Fig. 20.4    An nStudy note showing a form and the editor for modifying and creating new forms that operationalize new 
schemas for notes       

  Fig. 20.3    A basic note in nStudy       
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  Fig. 20.5    An nStudy term       

  Fig. 20.6    An nStudy Termnet showing terms used in all windows currently open          
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opportunities for three forms of computer- 
supported collaborative learning: (a) sequential 
collaboration where work is circulated to and 
augmented by team members; (b) convergent 
collaboration where each members’ work is 
exported from individual workspaces into a 
shared workspace where it is compiled and orga-
nized by the team; and (c) emergent collaboration 
in a shared workspace where all collaborative 
planning and work occurs. 

 A Chat tool allows learners to discuss content 
synchronously online. It affords opportunities for 
collaborators (and researchers) to experiment with 
varying architectures for synchronous collabora-
tion by providing two dropdown lists con fi gured 
by a researcher or instructor where learners can 
choose (a) a role and (b) view and enter into the 
chat any of several prompts that align to each role. 
For example, a learner may choose among a set of 
cogntive roles (e.g., forecaster, summarizer), a set 
of metacognitive roles (e.g., monitor, planner, 
evaluator), or a set of functional roles (e.g., 
recorder, leader). Corresponding prompts help 
collaborators take on a role in the chat. For exam-
ple, a planner might have prompts, such as: What 
steps should we follow? What is our goal for this 
part? Roles and prompts can alert students to co-
regulate one another (“Do you have a plan?” “I 
think you might be a little off track.”) or jointly 
share regulation (“What is our main goal?” “Are 
we meeting our goal?”) Chats are saved and can 
be annotated like a Web page. Thus, they become 
recoverable information resources for future tasks, 
including serving as models for collaboration 
upon which to improve. 

 Shared workspaces, the ability to exchange 
objects across workspaces and chats that can be 
structured by roles and prompts create opportuni-
ties for students to self-regulate, to co-regulate each 
other’s work, and to share regulation (Hadwin, 
Oshige, Gress, & Winne,  2010  ) . nStudy does not 
dictate features of regulation but supports and 
implicitly guides those events. Trace data about 
learners’ activities advance research on collabora-
tion and regulation by revealing: (a) products cre-
ated by solo and collaborative work that are 
metacognitively monitored, (b) standards used in 
metacognitive monitoring, (c) operations controlled 

or regulated and (d) conditions under which regula-
tion occurs (see Winne, Hadwin, & Perry,  2013  ) . 

 In nStudy’s Concept Map window, learners 
can build maps from scratch by creating notes, 
terms, bookmarks and other nStudy items, then 
linking, grouping and spatially arranging them. 
From within any of nStudy’s information items, 
e.g., a note, a concept map of that item and other 
items linked to it can be constructed by clicking a 
button in the toolbar,  Map . 

 In nStudy’s Document window, learners can 
compose essays, poetry, lab reports and other text 
documents using rich text (HTML) formatting tools. 
Selections within a document can be annotated like 
a browser. Also, a basic difference tool is available 
to track changes across versions of a document. 

 The Library is a table that lists every informa-
tion item within a workspace (see Fig.  20.7 ). The 
table can be  fi ltered by (a) type of information item, 
(b) folders into which items are organized, (c) tags 
applied to items, as well as various metadata, such 
as: creator, last editor, date modi fi ed, and so on. 
A search tool is available to identify items that have 
particular information in titles, content, or both. 
The learner can operate on one or a set of several 
items by selecting, mod-clicking to expose a con-
textual menu and choosing a desired operator.   

   Data Logs 

 As the learner operates on information using 
nStudy’s tools, the software unobtrusively logs  fi ne-
grained data: which window has focus (is active), 
what its title is, what information was selected, 
when the contextual menu was exposed, which 
operator is selected from the menu, and so forth. 
Each low-level entry in the log is time stamped to 
the millisecond (as accurately as the computer 
chip’s cycle permits) to represent every observable 
operation the learner applied to information in a 
study session plus the information on which each 
operation was applied. In nStudy’s data analysis 
module, patterns of these very low level events are 
organized into “human-level” events like: make 
new note, review term, modify concept map and so 
forth. In effect, these organized data instantiate a 
time-sequenced script that describes which tactics a 
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learner applied to which information and, by look-
ing backward along the timeline for a chosen num-
ber of events, the context for any particular event.   

   Measurements 

 Trace data are performance-based data learners 
generate unobtrusively as they apply cognitive 
and metacognitive operations to information a 
learner selects (   Winne,  1982 ; Winne,  2010a  ) . 
nStudy was designed to record extensive,  fi ne-
grained, time-stamped traces without intruding 
on learners’ tasks other than by affording them 
choices among nStudy’s tools. In contrast to think 
aloud and self-report data, trace data are not 
degraded by learners’ unknown sampling of 
experience, biases in their verbal expression, 
temporal distance from actual events and other 
factors that may degrade the accuracy and com-
pleteness of learners’ recall, perceptions and 
interpretations about how they learn. 

 Trace data can be analyzed in multiple ways and 
articulated with other data to paint a fuller picture of 
how learners study and learn (see Winne, Zhou, & 

Egan,  2010  ) . For example, nStudy notes that offer 
learners a form for describing goals and a slider for 
recording an estimate of success can record whether 
learners explicitly set goals and what goals they set. 
A simple count of goal notes can index a learner’s 
propensity to set goals. Because a trace log is a full 
record of a learner’s observable tool-supported 
interactions with content, it can be analyzed to iden-
tify contexts that (a) precede a learner’s creation of 
goals and (b) prompt the learner to revisit goals to 
adjust estimate of success. 

 Trace data also afford opportunities to measure 
the presence and qualities of learning strategies by 
constructing a transition matrix across traces and 
then a graph of transitions (see Fig.  20.8 ). Brie fl y, 
the transition matrix records tallies that signify a 
row event is followed by a column event (e.g., A is 
followed by B) and, after recording a tally, B is the 
event to be followed by another event (e.g., B is 
followed by D). Patterns of traces can then be 
quanti fi ed for properties, such as degree of regu-
larity of the pattern, the congruence of one pattern 
to another, and whether speci fi c neighborhoods of 
the graph play the same role relative to the graph 
as a whole (see Winne et al.,  2002  ) . This approach 

  Fig. 20.7    nStudy’s Library and Operators       
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to analyzing trace data allows researchers to char-
acterize qualities of a learner’s activity in terms 
such as the “shape” of learning strategies (linear, 
cyclical, branching, etc.), levels of activity, and 
novelty or repetitiveness of responses to interven-
tions or unexpected events. Hadwin, Nesbit, 
Jamieson-Noel, Code, and Winne  (  2007  )  applied 
this form of analysis to describe learners’ levels 
and forms of cognitive and metacognitive activity 
in studying, such as the variability in a learner’s 
use of tactics and the emphasis a learner placed on 
metacognitive monitoring.   

   Interventions 

 nStudy’s browser, terms, notes, and documents 
are a vehicles for instructional designers and 
researchers to provide learners with HTML and 
rich text content that operationalize various kinds 
of interventions. For example, hyperlinks in 
HTML Web pages can de fi ne a structure of navi-
gation. Forms designed for notes can provide 
learners with schemas for arguments or self- 
generated explanations. Semantic and syntactic 
properties can be varied in descriptions for pro-
vided terms. Questions, designs for headings, 
advance organizers and typography (e.g., bullet 
versus number lists; bolding) can be implemented 
in several of nStudy’s tools. 

 On the horizon are tools that will extend nStudy 
into the arenas of (a) learner-driven interactions that 
directly express SRL and (b) adaptive tutoring. 

   SRL as a Program of Personal Research 

 When learners exercise metacognitive control, 
theory speci fi es they choose a particular tactic 
because, in part, they predict it will generate a par-
ticular result. For example, learners may believe 
that highlighting is a form of rehearsal that 
increases recall of material they highlight. These 
expectations are hypotheses about relations 
between learning events and outcomes. Each 
instantiation of metacognitive control to highlight 
information generates data to test the hypothesis. 
Over the span of a school term or an undergraduate 
course, learners could generate expansive data in a 
longitudinal  fi eld trial to discover “What works?” 

 We conjecture that SRL is often less productive 
than it might be because learners are neither trained 
to research their learning nor do they have easy 
access to data and tools for analyzing data. Learners 
could pro fi t from tools that support a program of 
personal research on learning. For example, sup-
pose a learner is interested to research whether 
learning is better supported by taking basic notes 
or notes that use forms for recording information 
according to particular schemas. Suppose in a 
review exercise, the learner links each test item to 
all the notes relevant to that item. Coupled with the 
log of studying events, it would be possible to ana-
lyze achievement as a function of annotations 
made using the basic form versus tailored forms. 
While this is a very simple example, the principle 
has broad scope. Supplemented with tools for ana-
lyzing trace data that nStudy records, a learner 

Sequence of traces: A B D B C E D B C E D A C E D A B C F …

Transition Matrix

A B C D E F

A // /

B /// /

C /// /

D // //

E ///

F

  Fig. 20.8    A trace sequence, its transition matrix, and a graph of the pattern of traces       
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could examine the complete population of learn-
ing activities bearing on how learning events relate 
to achievement, as well as other dimensions, such 
as ef fi ciency, interest in content, and so forth.  

   Just-in-Time Interventions 

 Suppose the learner has already investigated sev-
eral research questions about how different study 
tactics affect learning. Each expression of kinds of 
traces that the learner researches can be trans-
formed into a rule to identify those traces in future. 
When the learner records the results of self-focused 
research on learning—e.g., using notes with forms 
tailored to tasks promotes learning more than using 
basic notes—nStudy could be extended to monitor 
how the student uses basic notes and notes with 
tailored forms. Should the learner study using only 
basic notes that exceed some count (e.g., four suc-
cessive basic notes), nStudy could offer a hint 
about studying: “Would it be appropriate to 
develop a note form for this content?” Such just-
in-time hints are a subtle form of feedback about 
how the learner is studying that may elevate and 
focus metacognitive monitoring, as well as remind 
the learner of tactics for learning that, in the learn-
er’s personal history, may have a better chance to 
help reach goals. Importantly, these hints create 
opportunities for learners to regulate their learning 
by deciding whether (and how) to adapt learning 
after the co-regulatory prompt. Leaving decisions 
in the hands of learners is essential for learning to 
be self-regulated or co-regulated where learners 
productively exchange information about adapting 
their reciprocal and interdependent activities in 
collaborative tasks (Winne et al.,  2013  ) .   

   Challenges 

 Our design goal for nStudy was, on the one hand, 
to collect extensive,  fi ne-grained, time-stamped 
data that trace cognitive, metacognitive, and 
motivated actions learners apply to speci fi c infor-
mation as they study; and, on the other hand, to 
afford learners a wide range of choices for 
expressing these learning-related events by 

 offering tools they might want to use and that did 
not require extensive instruction or necessitate 
major changes in common studying activities. As 
one example, consider highlighting. A highlight 
is a nonspeci fi c tag that is nearly ubiquitous 
among learners. nStudy extended this affordance 
by providing a tool with which learners could 
create and apply any number of speci fi c tags. We 
reasoned that applying more speci fi c tags traces 
metacognitive engagement in the form of using 
multiple standards—the tags—to monitor infor-
mation’s meaning (e.g., “general law” or “main 
point”) and possible uses (e.g., “review for test” 
or “evidence for hypothesis”). As well, when 
learners create new tags, this is strong evidence 
for metacognitive monitoring that a current set of 
tags is insuf fi cient to achieve goals. Moreover, 
because learners do not naturally highlight very 
effectively (e.g., Bell & Limber,  2010  )  and, as 
might occur in a workspace shared among group 
members, preexisting highlighting can impair 
metacognition (   Gier, Kreiner, & Natz-Gonzalez, 
 2009  ) . Thus, nStudy’s design ampli fi es opportu-
nities for learners to engage in SRL by providing 
a desirable dif fi culty that potentially enriches 
encoding (Thomas & McDaniel,  2007  ) . 

 A challenge in this regard arises because desir-
able dif fi culties require more effort of learners 
and, in a rational sense, learners strive to balance 
effort against returns—as we described earlier, 
we hypothesize they seek to optimize utility. 
Thus, nStudy affords opportunities for learners to 
explore the relative utilities of a wide variety of 
study tactics. But we conjecture we conjecture 
affordance alone is insuf fi cient. This challenge 
leads to a major focus for future work, which we 
describe next. 

 Early usability testing revealed that learners 
commonly avoided these cognitively effortful 
judgments about tags—they just wanted to high-
light. For some, marking/highlighting was a  fi rst 
step in a more complex strategy in which they 
would later return to highlighted material and 
engage more generative processing. Other learn-
ers perceived the effort of classifying marked text 
outweighed its potential utility. As designers we 
were confronted with a challenge. If we created 
the opportunity to simply mark text, we might not 
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see the list of potential ways to classify informa-
tion they were highlighting; but, if we forced them 
to classify, they might abandon the tool because it 
was effortful or ill-matched to their strategic plan. 
We settled on a middle ground, where learners 
could simply select “highlight” from the top of a 
list of recent tags and repeat that “fast mark” 
throughout their studying. In this way, students 
were invited to review the list of possible ways of 
tagging their selections but not forced to do that.  

   Future 

 Space constraints prevent fully addressing how 
nStudy and research can evolve. Here, we high-
light a particular issue arising from the preceding 
section and brie fl y introduce several avenues for 
future work. 

   Feedback About Operations 
That Generate Achievements 

 Feedback is a powerful in fl uence on learning 
(Butler & Winne,  1995 ; Hattie & Timperley, 
 2007  ) . Many of today’s state-of-the-art software 
systems provide feedback about achievements in 
the domain learners study, such as physics or ecol-
ogy. However, to our knowledge, no software 
learning system offer learners feedback about  how  
they learn using any of the formats for knowledge 
that can represent study tactics and learning strat-
egies: conditional, declarative and procedural 
(Winne,  2010b  ) . nStudy is poised to accomplish 
this using the extensive,  fi ne-grained, time-
stamped traces it logs about how a learner oper-
ates on information in nStudy’s environment. 

 We are planning supplements to nStudy’s 
tools that would allow learners to use a con-
trolled vocabulary to ask and receive answers 
to questions, such as: “How did I study differ-
ently for concepts A, B, and C that I know well 
compared to concepts D, E, and F that I know 
less well?” nStudy’s response might be a 
graphical display of traces like that displayed 
in Fig.  20.8  that shows not merely the uncon-
ditional frequency of various operations but 

conditional (contextual) relations among 
binary pairs of operations, as well as an over-
all “strategy.” This sort of question could be 
elaborated include a time dimension—“… and 
how did I change my strategy in November 
compared to September?”    A response would 
show different graphs that depict strategy in a 
visual way plus an index, ranging from 0 to 1, 
that quanti fi es the degree of change. We 
believe this kind of process feedback is a key 
to scaffolding productive SRL.  

   A Grander Vision: The Research Co-Op 

 nStudy is a shell—any content that can be repre-
sented in an HTML format is content that learn-
ers can use nStudy to study. All learners need to 
use nStudy is the Firefox Web browser and an 
account on nStudy’s server. The data that nStudy 
gathers about how learners study, regardless of 
the subject they study or their age, is in a single 
format. These features afford the research com-
munity expansive latitude to pursue research 
across disciplines and many levels of education 
yet meld their research in ways not heretofore 
possible. We echo Winne’s  (     2006  )  argument that 
widespread adoption of systems like nStudy 
could signi fi cantly accelerate research’s produc-
tion of authentic, useful results. A simple and 
proven model might be to form a “research co-op” 
bearing modest resemblance to retail co-op enter-
prises. Users and researchers, for modest fees 
that support infrastructure, could avail themselves 
of massive data warehouses that would support 
data mining for principles about how to promote 
learning. Modi fi cations to nStudy that might be 
suggested from this work can be distributed by 
upgrading the nStudy software once, on the 
server, which makes them immediately available 
at no additional cost. 

 Supplementing nStudy’s data warehouse with 
other forms of data, such as measures of achieve-
ment and measures of what learners describe 
about themselves and their approaches to learn-
ing (self-reports of motivational constructs, self-
reports about studying temporally removed from 
actual studying, surveys and inventories, and 
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self-reports gathered as studying unfolds as punc-
tuated narrative, i.e., think aloud) would create a 
resource that we predict would immediately and 
importantly accelerate harvesting fruit of research 
on learning.       
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