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Chapter 5
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Data
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Abstract This chapter examines opportunities afforded by trace data to capture 
dynamically changing latent states and trajectories spanning states in self-regulated 
learning (SRL). We catalog and analyze major challenges in temporally investigat-
ing SRL constructs related to a prominent motivational factor, achievement goals. 
The dynamics of potentially frequent state changes throughout a learning session 
and across sessions are poorly reflected by self-report survey items typically admin-
istered before and after a session or, less informatively, at the beginning of an 
academic term. Trace data, carefully operationalized, offer substantial benefits 
compensating for shortcomings of comparatively static survey data. We summarize 
three recent studies addressing these challenges and characterize learning analytics 
designed to promote SRL and motivation formed from unobtrusive traces. This 
approach provides a practical and continuously updatable account of SRL con-
structs, varying dynamically within and across study sessions. We conclude by 
proposing a research agenda for learning analytics focusing on guiding and sup-
porting SRL.
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1  Introduction: Self-Regulated Learning

Improvements in educational technologies have allowed researchers to integrate 
more unobtrusive trace data into their studies. Trace data are clickstream or log 
records designed to represent a specified theoretical construct revealed as learners 
operate on information while learning (Winne, 2020a, b). Trace data are particularly 
useful in measuring and researching dynamic properties of self-regulated learn-
ing (SRL).

Winne models how dynamic SRL states arise using the COPES model: 
Conditions, Operations, Products, Evaluations, and Standards (Winne, 1997, 2022). 
Self-regulating learners first identify internal and external conditions they perceive 
can affect tasks. Based on their understanding of those conditions, learners choose 
and carry out metacognitive and cognitive operations, generating products as a 
result. Learners then evaluate those products, including experiences arising from 
operations, gauging their properties using standards. For example, suppose a learner 
is preparing for an upcoming quiz in an Earth Science class. First, the learner con-
siders factors such as knowledge about related topics, effort likely  required, and 
incentives for earning a high grade. They recall difficulty listing the names of plan-
ets in the solar system and forecast if it is important to remember those to receive a 
satisfactory grade. Based on this understanding, they design a mnemonic device to 
assemble the names of planets in the solar system in serial order from the sun out-
ward. After applying the mnemonic, they evaluate its utility using standards such as 
confidence they will be able to recall all the planets’ names in the correct order and 
effort to encode this information.

SRL is recursive. While working on a given task, a learner could operationalize 
several COPES learning events to unfold SRL across the learning session and 
beyond. For example, after a cycle of SRL ends in the evaluation state, a learner 
might be highly satisfied with their product, such as the invented mnemonic device. 
This evaluation result could affect an upcoming SRL cycle; motivation might 
increase since they predict they could easily apply this same tactic to other cases – a 
high efficacy expectation  – and review all the materials more quickly than they 
expected. Both have high incentive. That is, SRL is a dynamic progression of 
COPES learning events emerging and contingently unfolding throughout a task, a 
semester, or an academic year.

2  Dynamic Nature of Motivation

2.1  How to Capture Motivation

Motivation is an internal cognitive state that provides reasons for choices learners 
make about behavior (Kleinginna & Kleinginna, 1981; Winne & Marzouk, 2019). 
Motivation is often measured by asking learners to rate a motivational construct, 
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such as achievement goals, or by time spent on tasks (Ames & Archer, 1988; Ames, 
1992; Elliott & Dweck, 1988; Masgoret & Gardner, 2003). In the COPES model, 
motivation is a condition that contributes to (1) learners’ plans, (2) choices about 
how to approach a task, and (3) forecasts about how to adapt to operations to 
improve work as tasks unfold. Motivation also plays an important role in the evalu-
ation facet of COPES; motivation provides reasons for selecting standards to judge 
incentives associated with products.

Achievement goal theory generally explains goals using two dimensions: (1) 
mastery-performance and (2) approach-avoidance. The mastery-performance 
dimension differentiates the product learners pursue. It contrasts internal standards, 
such as joy and satisfaction for learning (i.e., mastery), vs. external standards, such 
as letter grades or ranking and performance with respect to peers. The approach- 
avoidance dimension contrasts whether learners: (1) seek to acquire desired stimuli 
(approach) or evade undesired stimuli (avoidance) (Ames, 1992; Nicholls, 1984).

As with other SRL constructs, motivation for achievement goals can dynami-
cally change throughout a task and between tasks. For example, Muis and Edwards 
(2009) investigated goal changes between similar and different tasks. In both cir-
cumstances, they found evidence for both goal switching, replacing one goal with 
another, and goal intensification, increasing one’s endorsement of an initial goal. 
They also found mastery-approach goals and performance-avoidance goals were 
less stable than performance-approach goals, a finding aligned to a previous study 
(Fryer & Elliot, 2007). Tuominen-Soini et  al.’s (2011) studies also showed the 
dynamic nature of motivation, and they detected changes in Finnish students’ 
achievement goals both between and within a school year. Using latent profile anal-
ysis of survey data to develop individual learners’ motivational profiles, approxi-
mately 35% of students modulated their motivational profiles to reflect similar goal 
profiles while 5% of students completely changed their goals.

Considering the recursive nature of SRL, goal changes should be expected as 
learners traverse states in their work. Learners’ initial goals may be formed using 
incomplete information about conditions, such as task difficulty. After some time, 
learners may update goals if products generated based on their incomplete under-
standing of conditions lead to an unsatisfactory evaluation relative to standards. In 
Fryer and Elliot’s work (2007), substantial goal changes were more frequent after 
an initial task than after subsequent tasks, which showed how learners acquired 
more information from the initial encounter with a task and adjust their goals 
accordingly in the subsequent tasks.

When goals change, other COPES states may change accordingly, as learners 
may deem it useful to revise operations, hence affecting products. New standards 
for evaluations may also be adopted. For example, after trying a new strategy to 
solve the previously attempted math problems and evaluating the new strategy as 
successful, a learner may perceive greater efficacy for problem-solving and choose 
to attempt slightly more challenging “extra points” exercises. This goal might 
change again depending on the pace of work on those more challenging problems, 
with concomitant changes in self-efficacy depending on whether pace is evaluated 
as “fast” or “slow.”

5 Reconfiguring Measures of Motivational Constructs Using State-Revealing Trace Data
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To more fully understand why motivation changes, and to predict more accu-
rately if and how it will change, it is important to develop fuller accounts of the 
contexts in which change is observed. Without such contextual information, we 
suggest it will remain difficult to understand and assess learners’ goal changes and 
design potential improvements to learning experiences.

2.2  A Role for Trace Data in Motivational Studies

Collecting contextual information about motivation and its roles in dynamic SRL is 
likely to be more informative and authentic if researchers adopt methods to gather 
fine-grained and unobtrusive data. Log and clickstream data, not yet common in 
motivational research, offer potential to sharpen research in two ways. First, if 
unobtrusively generated, such data can be gathered across the timeline of tasks with 
minimal to no interference. This affords detecting goal changes as they materialize 
in context. Second, because more detailed information can be captured about exter-
nal conditions both preceding and at the point of change in motivational states, trace 
data set a stage for theorizing more productively about how to support learners’ 
motivation while at the same time developing fuller pictures about how SRL relates 
to developing achievement outcomes. In this effort, it is important to engineer 
data  gathering methods that minimize intrusions on and distortions to learners’ 
authentic learning experiences.

In contrast to the potential benefits of online trace data to reflect changing condi-
tions and motivational dynamics, motivation has been mostly measured using self- 
report measures  – surveys and questionnaires  – which often are not sufficiently 
fine-grained and task-specific (Winne, 2020a, b). The scope of that methodology is 
broad, ranging across studies and domains from sports to psychology to a residen-
tial mathematics course for K-12 learners to distance learning for adult learners 
(Elliot & Murayama, 2008; Jang & Liu, 2012; Luo et  al., 2011; Remedios & 
Richardson, 2013; Wolters, 2004; Seijts et al., 2004; Chen et al., 2012; Gutman, 
2006; Botsas & Padeliadu, 2003; Beck & Schmidt, 2013; Dickhäuser et al., 2021; 
Janke & Dickhäuser, 2019; Giota & Bergh, 2021).

One challenge to validly interpreting survey responses is that they usually ask 
learners to aggregate learning experiences across multiple contexts (Turner & 
Patrick, 2008; Winne, 2010). For example, survey questions often include phrases 
such as “generally” or “during an exam.” This prime is intended to ensure that learn-
ers’ responses to varying contexts would be consistent for that context. This may not 
be the case, especially when learners actively self-regulate approaches to learning, 
as illustrated by research previously cited (see also Hadwin et al., 2001). Moreover, 
it is usually impractical to administer surveys frequently enough to collect fine- 
grained data tracking goal changes across the timeline of a single task. When the 
same or similar questionnaires are given every day, we predict learners acclimate to 
reporting a generalized “mean experience” rather than taking careful account of 
varying conditions, particularly if the setting provided in the survey’s instructions is 
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not tailored to each administration. While think-aloud or interview methods might 
lessen this hazard, those methods face other challenges. For example, both for sur-
veys and interviews, learners might respond not based on actual actions but on their 
knowledge or expectation about which action is recommended for effective learning 
(Pintrich, 2000). Thus, both accuracy of memory and responses to survey items are 
in question.

Another issue besetting self-report measures in motivational studies is that learn-
ers might not be fully attentive to or willing to report changes in motivational states. 
Learners’ decisions to change goals might be habitual (automated cognition) to the 
extent that motivation changes go unnoticed. In such instances, fleeting goal changes 
within a task could be missed in self-reported data. Trace data may be able to com-
plement self-report data in ways that lessen this source of unreliability.

3  Critiques of Recent Studies

In this section, we review three recent studies investigating motivation, each of 
which collected trace data. We reflect on current methodologies and analyze them 
to suggest directions for future research. We searched the literature using Google 
Scholar with three queries: “trace data motivation,” “log data motivation,” and 
“clickstream motivation.” We then chose reports (1) written in English, (2) using 
unobtrusive trace data to measure learners’ motivation, and (3) published in refer-
eed international conferences or refereed journals. Only a few studies could be iden-
tified, all showing commonalities in approaches and making approximately 
equivalent recommendations for future research. We selected three representative 
studies for analysis here.

Each study was reviewed using a common schema: theoretical framework, con-
texts, data and indicators, and data analysis and results. The theoretical framework 
reveals how tightly the approach in each study connects to motivational theories. 
Approaches include overall study design, operational definitions of indicators, and 
interpretations of results in relation to theoretical support. Contexts describe where 
data were collected. Data and indicators examine types of data collected and which 
indicators were generated from data. Finally, data analysis and results analyze what 
and how the findings of each study were drawn.

3.1  Hershkovitz and Nachmias (2008)

The main goal of Hershkovitz and Nachmias’ (2008) study was to build a concep-
tual framework to measure motivation using log data.

5 Reconfiguring Measures of Motivational Constructs Using State-Revealing Trace Data
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3.1.1  Theoretical Framework

From previous literature, the researchers defined three dimensions of motivation: 
engagement (how strong motivation is), energization (how long motivation is main-
tained and direction of motivation), and source (if motivation is internal or exter-
nal). The framework was used to identify indicators relevant to each of these 
motivational dimensions.

3.1.2  Contexts

Data were collected in a self-paced online system teaching Hebrew vocabulary. 
Learners could mark each word or phrase as “well known,” “not well known,” or 
“unknown” based on familiarity. There were five instructional choices the system 
offered to learners: memorizing where learners could see words and their meanings, 
practicing where learners see words without meanings, searching for specific words, 
gaming, and self-testing.

3.1.3  Data and Indicators

Data analyzed were secondary; that is, the analyses were conducted on pre-existing 
data not collected specifically for the study. Each row of these secondary log data 
recorded a session of a learner’s activity studying vocabulary. A session was initi-
ated when a learner entered the system and ended when a learner closed the system 
window. Each log also included attributes such as the start and stop timestamp for 
each session, the number of words that learners marked as “known,” and other 
actions carried out in the system.

After inspecting raw data for a small number of cases (N = 5), the authors identi-
fied seven potential indicators of motivation: proportion of time on task, average 
session duration, pace of actions performed, proportion of words for which learn-
ers  changed their judgment of familiarity  while studying, average time between 
sessions, proportion of examination events, and proportion of game events.

3.1.4  Data Analysis and Results

Indicators were examined in a larger dataset (N = 1444) and reduced by an unde-
scribed method to a final dataset (N = 674). Hierarchical clustering was applied, and 
clusters were mapped based on indicators of the three dimensions of motivation: 
engagement, energization, and source, defined by the researchers as men-
tioned above.
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3.2  Cocea and Weibelzahl (2011)

These researchers aimed to identify behavioral patterns indicating online learners’ 
motivation levels from log files and ultimately to support low-motivated online 
learners.

3.2.1  Theoretical Framework

While the researchers reviewed several prior studies investigating particular motiva-
tional states such as confidence and effort, their study adopted a general view of 
motivation as engagement in learning activities. Further distinctions were not a 
focus in this research.

3.2.2  Contexts

Log data were collected from HTML -Tutor, a free online introductory course on 
HTML. The researchers described the course as interactive but did not provide fur-
ther details about types of materials or tools, e.g., lecture videos, discussion forums, 
and the interactive code editor learners used. The amount of material in modules 
was not described.

3.2.3  Data and Indicators

Timestamped data logged for this research were secondary. Data included events 
such as login, logout, page access, clicking a hyperlink, using a glossary feature, 
and searching. From raw log data, the authors created indicators for each participant 
in the study – performance on tests, time spent reading, number of accessed pages, 
and time spent on tests – which they used to predict learners’ motivation levels. The 
authors also created a binary indicator of motivation level using rules they estab-
lished. For example, spending at least 60  s per page on average was considered 
engaged, while spending less than 20 s per page was categorized as disengaged. 
This motivation indicator was used to label each learner’s overall engagement level 
as engaged or disengaged. The authors did not report the volume of log data they 
used to create indicators.

3.2.4  Data Analysis and Results

Log data files of 20 learners were analyzed using the Waikato Environment for 
Knowledge Analysis (WEKA) system (Witten et al., 1999). In this data analysis, the 
four indicators except for motivational level were entered into decision trees to 
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predict learners’ motivation levels. The motivation level indicator was used as a 
gold standard to evaluate decision tree predictions. Analysis classified learners as 
engaged if they spent more than 45 min on reading and showed a performance either 
above 63% or below 49%.

The authors attributed relatively lower engagement for learners with medium- 
level performance (between 49% and 63%) to the learners’ confidence. The authors 
interpreted these learners did not invest much effort to improving their performance 
because the learners judged their level of achievement was good enough.

3.3  Zhou and Winne (2012)

The aim of this study was to examine potential differences in achievement goals 
measured by self-reported surveys and by log data.

3.3.1  Theoretical Framework

Goal orientation theory was the main theoretical framework adopted in this research. 
The authors criticized self-report measures used in prior research as too divergent in 
operationalizations of goal orientations. They also questioned whether respondents 
validly reported goal orientations because self-report items were framed at too 
coarse a grain size. These researchers designed log data and indicators to capture 
four goal orientations: mastery-approach, mastery-avoidance, performance- 
approach, and performance-avoidance. They examined the predictive power of 
traces of goal orientation as compared to self-report data.

3.3.2  Contexts

Zhou and Winne’s study generated primary data in a one-hour-long lab experiment. 
Learners first responded to the Achievement Goal Questionnaire (Elliot & McGregor, 
2001) then read an article about hypnosis. After studying, they took achievement 
tests posing five multiple-choice items and five short-answer questions.

Two measures of goal orientation were obtained: the self-report Achievement 
Goal Questionnaire (Elliot & McGregor, 2001) and trace data generated as learners 
studied in a software system, gStudy. gStudy was a Chrome extension that provided 
tags and hyperlinks to learners allowing them to choose sources of help to prepare 
for the achievement test. Each tag and each hyperlink was mapped to one of the four 
goal orientations according to their labels (e.g., tag: “Reread to avoid misinterpreta-
tion” tracing mastery avoidance). Tagging and clicking hyperlinks traced expres-
sions of goal orientations while studying.
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3.3.3  Data and Indicators

Zhou and Winne’s raw trace dataset was composed of learners’ clicks on hyperlinks 
and tags applied. Counts of traces were used to form four behavioral indicators, one 
for each facet of goal orientation. For example, if a learner created a tag represent-
ing mastery-approach goal orientation five times, that count divided by the total 
number of all goal orientation traces formed the indicator of mastery-approach goal 
orientation.

3.3.4  Data Analysis and Results

Results showed correlations between self-reports and trace data were not statisti-
cally detectable (p ≥  .05). Their blocked multiple regression analyses revealed 
trace-based indicators were statistically better predictors of learners’ achievement 
than any survey-based indicators (p ≤ .01). Furthermore, all trace-based indicators 
except one for mastery-avoidance orientation showed a strong Kendall’s tau b coef-
ficients predicting achievement (p ≤ .01). None of the survey-based indicators, on 
the other hand, were a statistically detectable predictor of achievement (p ≥ .05).

3.4  Critiques of the Select Studies

3.4.1  Importance of Design Processes

Trace data may be noisy, i.e., contaminated with sources of variance not relevant to 
target constructs. Thus, one important task for researchers is identifying and mini-
mizing noise to enhance the resolution of trace data (Krumm et al., 2022; Winne, 
2014). For example, a clickstream datum showing a learner clicked a hint button 
could indicate various motivation constructs, e.g., simply exploring a software fea-
ture vs. attempting to overcome difficulty vs. gaming the system. Noise contaminat-
ing trace data, as with any kind of data, jeopardizes valid interpretation. Carefully 
designing trace data collection in consideration of theories, contexts, and research 
questions is essential.

In two research cases we reviewed, data were secondary, and the design ratio-
nales for motivational indicators were minimally explained. This severely chal-
lenges the validity of drawing correspondences between trace data and constructs 
each trace it intended to represent. Hershkovitz and Nachmias (2008) used second-
ary data and did not justify how those data represent learners’ motivation. They also 
mentioned they chose indicators used in previous work, but information was mini-
mal about operational definitions as explicit expressions of theory. For instance, 
their indicator timeOnTaskPC, the total time of active sessions divided by the total 
time logged, was presented as a measure of the engagement dimension of motiva-
tion. Because the time learners are logged in can be spent on many different 

5 Reconfiguring Measures of Motivational Constructs Using State-Revealing Trace Data



82

activities, e.g., exploring features of the interface or responding to text messages 
received on a smartphone, we suggest time on task metrics are typically overly 
broad and imprecise indicators of motivation.

Similarly, Cocea and Weibelzahl’s (2011) use of secondary data prevented 
designing traces that more directly represent motivational constructs. Furthermore, 
insufficient explanation regarding their design process limits interpretations of their 
results. They provided only a table of indicator names and general indicator descrip-
tions. For example, an indicator NoPages was described as the number of accessed 
pages. That indicator is potentially unrepresentative of motivation if a website’s 
architecture requires learners to pass through landing pages or where one website 
provides a single scrolling page while that same volume of information at another 
website is distributed across separate pages linked by a “Next” button. Also, it is 
unclear whether a learner’s retreat to a previously viewed page is included in the 
count NoPages. Retreat may be a strong indicator of a learner’s motivation to rein-
state forgotten information or to monitor clarity about previously studied content.

In contrast, Zhou and Winne (2012) detailed theoretical grounding for designing 
indicators in their study. While their descriptions might have been more detailed, 
traces they logged about learners’ behavior are explicitly mapped to specific aspects 
of achievement goal orientation theory according to Elliot and McGregor (2001). 
This approach permits constructive critique about how those operational definitions 
manage noise and introduce subjectivity in traces vis à vis constructs they are 
designed to indicate.

None of these three studies considered motivation change within a learning ses-
sion even though previous studies show motivation is dynamic (Senko and 
Harackiewicz 2005). In Hershkovitz and Nachmias’s study (2008), the duration of 
each learner’s interaction with the learning platform ranged from 3  weeks to 
3 months. Zhou and Winne’s (2012) study was just an hour-long and its context was 
a lab study. Cocea and Weibelzahl (2011) did not clarify how long learners’ interac-
tion with HTML-Tutor lasted. Methodologies designed to take account of motiva-
tional dynamics across the timeline of learner’s engagement would be more 
revealing.

3.4.2  Weak Evaluation Process of Indicators

After generating indicators to measure constructs, it is important to evaluate them in 
the context of a specific study for future researchers. Two of the three studies we 
reviewed did not describe an evaluation process: Hershkovitz and Nachmias (2008) 
did not evaluate their indicators, and Cocea and Weibelzahl (2011) evaluated their 
indicators by comparing classification results against hand-labeled data identifying 
whether a learner was engaged or disengaged. While Cocea and Weibelzahl’s 
approach is a step in the right direction, there is no outside criterion beyond the 
researchers’ judgment. As well, some decisions could be considered arbitrary, e.g., 
choosing “less than 20 seconds spent per page” as the standard for disengagement 
instead of 15 or 25 s. They chose this threshold based on estimated times for reading 
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a page or working on a test without explaining how these times were estimated. 
Without sharing further contextual information, such as how many tasks learners 
had available to work on and some metric of required “steps” to complete each task, 
it is hard to evaluate the likelihood that indicators of engagement usefully reflect 
learners’ motivation.

Zhou and Winne (2012) evaluated trace-based goal orientation in two ways. 
First, they examined the correspondence between goal orientations measured by 
their trace-based indicators and a widely used self-report measure. When they 
observed weak correspondence between trace and self-report indicators of goal ori-
entation, they examined posttest performance to identify which indicator more 
strongly aligned to theory’s predictions of achievement. They concluded their trace 
indicators outperformed self-reports as indicators of goal orientation in their study 
context.

3.4.3  Lack of Discussion on How Trace Measures Were Introduced 
to Users

While trace data can represent learners’ dynamic motivation unobtrusively and, 
arguably, more directly than self-reported data, benefits may be undermined if the 
user experience which creates the trace measures is not carefully considered. Traces 
inherently require the learner to engage with content, e.g., highlight it, or use fea-
tures in an interface, e.g., a menu of options or a button, controlling software fea-
tures. If learners are unaware those kinds of engagements are available or do not 
understand how a software feature functions, trace data will not be generated regard-
less of learners’ motivation, cognition, or metacognition. If the method for creating 
a trace is perceived to be overly effortful, requires complex maneuvers in the learn-
ing environment, or slows the pace of a learner’s work too much, learners will avoid 
the feature that generates trace data. Learners are generally uninterested (and 
unaware) of the trace data being created, so features of the environment which are 
instrumented for trace data must provide a clear benefit to the learner in order to 
be used.

In other words, designing tools to gather trace data requires careful attention to 
the user experience. In some cases, it may be necessary to provide initial training to 
learners about how to use trace-generating tools to ensure they understand and 
appreciate how the tool can be useful in learning. Where the tool appears to learners 
as a socially desirable property or can be used excessively to game the system, fur-
ther cautions apply to designing it. We suggest a general guideline: Learning tools 
which have been designed with tracing methods must have perceived utility to the 
learners.

Two of the three studies we reviewed did not address the issue of how trace data 
were related to learner motivational states. For example, in  Hershkovitz and 
Nachmias’ (2008) online system teaching Hebrew vocabulary, learners could mark 
each word or phrase depending on their confidence. Furthermore, learners could use 
other features such as searching, memorizing, and self-testing. Yet, it is unknown 
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how obvious these features were to learners or how well they were integrated into 
purposes of the learning task. If data showed learners did not use features after a few 
attempts or only a few learners continued to use these features, questions arise about 
the extent to which traces measure enough of behavior and kinds of behavior that 
serve research goals.

4  Proposals

What does our review of three representative studies suggest for improving online 
measures of motivation in research and contributing to advancing motivation 
theories?

4.1  Implementing Design Framework

There are only a few examples of unobtrusive trace indicators of motivation in the 
field of learning analytics. Researchers aiming to represent motivation using trace 
data appear likely to design novel indicators rather than build on prior work where 
strengths and weaknesses of indicators and data designs can be assessed in particu-
lar contexts. Thus, we recommend it is important to meticulously inspect each 
study’s design to analyze how and the extent to which it reduces noise and explicitly 
details key features of the method for generating and logging trace data.

One approach may be using a structured design framework such as the Evidence- 
Centered Design (ECD) (Mislevy & Steinberg, 2003; Mislevy & Haertel, 2007). 
ECD is a framework that evaluates assessments designed to permit learners to dis-
play knowledge or skills. In this approach, assessment is broadly considered as an 
argument to be supported by evidence describing learners’ latent constructs, such as 
motivation, knowledge, or a particular skill. Ideally, it would be possible to reliably 
and validly ascribe a motivational state based on low-noise instances of behavior 
and patterns.

In particular, ECD’s design pattern (Gamma et al., 1995; Alexander et al., 1977) 
helps researchers build a more solid rationale for their designs of indicators. 
Implementing a design pattern is often approached by completing a table identify-
ing attributes of a construct and their operational definitions in particular study con-
texts. For example, suppose a researcher aims to distinguish learners’ achievement 
goals focusing on earning higher final grades (i.e., performance-oriented goals) 
from mastering learning materials for satisfaction (i.e., mastery-oriented goals). To 
measure the performance-oriented goal, the researcher designs an indicator as fol-
lows: If a learner clicks a hyperlink “critical concepts for the final exam,” that could 
supply evidence of performance-orientation. While implementing the design pat-
tern, the researcher should explain the rationale detailing how this indicator could 
be strong evidence for performance-oriented goals. Furthermore, the researcher 

H. Choi et al.



85

should consider what alternative latent constructs this indicator might represent. For 
example, learners may click a link simply out of curiosity, not because they hold 
performance-oriented goals. Through this careful process, a researcher could thor-
oughly inspect a rationale for a proposed indicator design, potentially improving the 
design for generating data in ways that improve validity when interpreting data.

Beyond dutiful attention to principles of ECD and considerations Winne (2020a, 
b) forwarded to improve validity of inferences made and actions (subsequent 
instructional interventions) based on trace data, we recommend four characteristics 
for indicators.

First, it should be almost intuitively obvious to learners that information they 
generate using a tool has value for learning. Highlighted information, for example, 
eases burdens of locating content judged as meriting review or attention when 
studying for an examination. Tags greatly facilitate sorting information into catego-
ries, e.g., tasks not to be forgotten and major bins in a discipline (e.g., major theo-
rists, disproven hypotheses, useful shortcuts in procedures).

Second, effort required to use a tool should be minimized, thereby reducing 
extraneous cognitive load. Most undergraduates highlight often and have extensive 
experience highlighting text in pdf readers or via an extension added to their favorite 
web browser. Learning how to highlight text once the toolbar icon or keystroke 
shortcut is introduced is practically one-trial learning. In general, software designs 
for tools that generate trace data should follow usual guidelines for optimizing the 
user experience.

Third, the set of tools available to learners should span options for operating on 
different kinds of information using different operations that achieve different pur-
poses. Without choice, learners are constrained to display variance in their behavior 
and corresponding inferred underlying processes that comprise SRL. For example, 
tools for planning steps in a large task and monitoring progress serve quite different 
purposes than tools for tagging interesting information worth researching further 
than tools for re-searching information falling into categories.

Fourth, we conjecture learners may be more inclined to “give a tool a chance” if 
they are provided reasons the tool is designed the way it is. Having and providing a 
rationale warranting when and why to use a tool may increase chances learners will 
trial it.

4.2  Evaluating Indicator Designs for Future Studies

To replicate or adopt suggested indicator designs in future studies, it is important to 
analyze indicators in particular contexts. Construct validity is the degree to which 
an interpretation of an indicator is justified regarding the presence or degree of a 
construct. Construct validity is a key concern when evaluating indicators. External 
validity refers to the degree to which an indicator can be justifiably interpreted in 
relation to other variables (Messick, 1987). For example, if previous work generally 
agrees performance goals and academic performance are positively correlated, an 
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indicator designed to capture performance goals should also have a relatively large 
positive correlation with performance measurements such as posttest scores.

Among studies we reviewed, only Zhou and Winne (2012) correlated trace indi-
cator data purportedly representing achievement goals with posttest scores. That 
move helps consolidate not only the validity of their indicator designs but also their 
study’s implications. In contrast, Hershkovitz and Nachmias (2008) and Cocea and 
Weibelzahl (2011) did not pursue these lines of analysis. Combined with a weaker 
design framework for their indicators, this omission increases uncertainty about the 
appropriateness of indicator designs in these two studies as a basis for designing 
future research.

Accumulating evaluation results in diverse contexts is also essential when 
attempting to generalize motivational indicator designs based on operational defini-
tions of unobtrusive trace data. After particular indicators have been validated as 
reliably and informatively capturing specific features of learners’ motivation in one 
specific context, those indicators should be examined in related contexts. This 
would allow researchers to explore for contextual factors affecting the validity 
attributed to an indicator design.

Researchers should adapt indicator designs to unfolding and varying conditions, 
both internal and external to the learner. For example, following success on a timed 
practice quiz problem, learners might be more motivated to choose more difficult 
problems when they login to the next study session. This motivational change may 
well affect goals set, tactics chosen, time allocated, and emotional stance. To more 
accurately capture and analyze such contextual changes implies adapting indicator 
designs to reflect factors such as changed difficulty levels and new learning tactics. 
In the abstract, trace data can detect such fine-grained changes but only when 
researchers forecast changes that may arise and consider how indicators should be 
re-designed under those changed conditions.

4.3  Introducing Interventions Less Obtrusively

One potential step to reduce noise in laboratory studies is giving learners time to 
explore and practice using a given system. For example, Zhou and Winne (2012) 
provided participants with a short practice session, an important opportunity since 
they asked learners to use unconventional hyperlinks and tags to trace achievement 
goals. Although brief, the practice session likely increased the chance learners 
would use these features.

We also suggest researchers consider carefully the context of trace data before 
including it in an analysis if it was not designed specifically to measure the con-
structs of interest. While this suggestion does not mean that secondary trace data 
cannot be used to support analyses, it is important for researchers to consider how 
that data was created by the system in response to the context of learning. Misaligned 
data may lead to inappropriate conclusions about leaner motivational states.
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Furthermore, we encourage researchers to design features for generating trace 
data with considerations for learning contexts. Theoretically elegant tools may gen-
erate more noise than signal if not tightly articulated to learning objectives and 
learners’ understanding of purposes. For example, a tool learners can use to tag 
content research this generates a clear picture about learners’ intentions to engage 
with additional content. But what is the motive underlying that plan – curiosity, 
performance orientation (to find material resulting in a higher score on a research 
paper), anxiety (that important content will be omitted for a research paper)? Steps 
to usefully constrain interpretations of those trace data, perhaps by changing the 
label for the tag, may be elusive but necessary.

5  Conclusion

Compared to widely used self-report measures, fine-grained and unobtrusive trace 
data may often offer stronger alignment to dynamic motivational constructs. Yet, 
capturing motivational events through trace data remains relatively underexplored 
in learning analytics, especially how dynamics can be represented to learners and 
leveraged to guide SRL. Among the few existing studies, rationales for designing 
indicators of motivation often appear to be insufficiently justified, if at all. This 
slows advances to theory and curtails the potency of practical recommendations. 
Our proposals for improving design and validation of indicators that trace constructs 
should nurture a more rigorous approach to research and the development of 
more serviceable learning analytics.
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