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ABSTRACT: Modern educational technology products must support learners’ cognitive and
motivational needs. Extending models of learner motivation to new products leads to
difficulties in generalizing existing models to drastically different systems or operationalizing
existing behavioral theories with sufficient construct validity. Overcoming these challenges
requires teams with both learning science and data science skillsets. Recent advances in
automated machine learning and interpretable machine learning have led to opportunities
to empower learning scientists with the capabilities of an interdisciplinary data science team.
Through a review of prior studies on motivation analytic development, we identify common
data science challenges and review some successful algorithmic solutions. We also identify
challenges to scaffolding these tasks to users without data science backgrounds and highlight
some advances in automated machine learning and interpretable machine learning that may
enable development of tools and services to fill this need.
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INTRODUCTION

There are many challenges in developing motivational analytics for online learning
environments. Developers must go beyond analytics of easily observable interactions and
utilize models that take into account the affective and self-regulated learning dynamics of
learners in order to draw inferences on their motivations (Eccles & Wigfield, 2002).
Developing high quality analytics requires accounting for a range of concerns around
construct validity and reliability while also leveraging complex modeling methods that lie
outside the realm of theories of learner motivation (Milligan, 2018). An open challenge in
the measurement of motivation, like self-regulated learning (SRL), lies in the challenge of
how to operationalize constructs on different systems (Roll & Winne, 2015). Overcoming
these design challenges requires a mixture of learning science knowledge and data science
skills. This can be a significant barrier for many educational technology product companies
that do not have the resources to hire experts with such specialized skillsets. With recent
advances in technologies such as interpretable and automated machine learning, there is an
opportunity to make data science skills accessible to learning scientists and dramatically
increase the pool of individuals capable of developing high quality motivational analytics. In
this paper, we review prior work in analytic development for measurement of motivational
constructs using strictly log data. In this work, we identify particular challenges to
developing measures of motivational constructs and identify specific areas of opportunity
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for tools and algorithmic development that can greatly lower the barriers to development of
motivational analytics.
2

CHALLENGES IN MOTIVATION MEASUREMENT

Learners’ motivation is a product of their SRL, and as highlighted by Winne (2010), SRL is
contextual and context evolves as learners regulate their learning. The challenge of
measuring motivation requires inferring many latent contextual influences such as learners’
goals, metacognition, and task value (Winne & Hadwin, 2008). Many of these factors can be
difficult to measure, but learner’s displayed learning behaviors and strategies can be
indicators of their latent motivational factors as evidenced in work by Dang & Koedinger
(2019a). Prior work in learning analytics and educational data mining has elaborated models
of affect, SRL strategies, and relevant learning behaviors (Lang et al, 2017). However,
extending these models to new systems and datasets introduces a host of new challenges
(Winne, 2014).
For instance, Rowe et al (2009) extended a model of off-task behavior (Baker et al, 2004) to
a narrative-centered learning environment. This open-ended environment involved actions
such as navigating a character around a virtual world, interacting with objects, and talking
with non-player characters. In lieu of a usable measurement model, the authors developed
an alternate operationalization of off-task behavior that required insight into the
pedagogical value of possible interactions in the game. Performing this task required a
degree of learning science knowledge that is typically not found in many data scientists in
the work force.
Rowe et al were motivated to develop an off-task behavior measurement model by the
findings of Baker et al, indicating that student learning is negatively impacted by such
behaviors. To test their hypotheses, the authors collected additional motivational survey
and achievement data. Exploratory analysis demonstrated that students engaged in off-task
behavior about 15% (SD=8.9%) of the time, which differs from the 20% frequency found by
Baker et al. The statistical analysis indicated that unlike Baker’s off-task model, the Rowe
model was not significantly related to pre-post learning. Likewise, the results found no
relationship between off-task behavior and either achievement orientation or self-efficacy,
contradicting the results of Dang & Koedinger (2019a). This analysis demonstrates two
common challenges in extending theory to new systems. Performing such a validation
requires a set of data science skills that are lacking in many industry learning scientists.
Also, despite appearing to match the Baker et al construct on its face, the evidence indicates
that the model developed by Rowe et al was not measuring the same construct. This
construct validity problem challenge is an open problem in scaling the research of the
learning analytics and educational data mining communities to more online learning
environments (Huggins-Manley et al, 2019). One common process for validating a construct
on a system is to collect ground truth data, as done by Rowe et al, and to leverage this
information to validate a proposed model by applying appropriate statistical tests for
agreement with expectations. As online learning environments expand their available
content and are deployed to broader audiences, the challenge becomes how to sample a
representative dataset to train sufficiently general models, an increasingly cost prohibitive
task.
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OPPORTUNITIES FOR HUMAN-AI COLLABORATION

3.1

Leveraging Multiple Facets to Bootstrap Construct Validity

One challenge in using observed behaviors to measure some latent motivational construct is
that, unlike in experimental contexts, multiple constructs are likely implicated in any given
behavior. Huggins-Manley et al (2019) discuss several relevant threats to construct validity.
Construct confounding occurs when “inferences are drawn on one construct even though
indicators reflect more than one construct”. Confounding constructs with facets of
constructs occurs when “only some facets of a construct are measured, invalidating
inferences about the full construct”. Mono-operation bias occurs because “a single indicator
of a construct underrepresents the inferred construct, which is more complex than a single
indicator.
In our

prior work, we attempted to tackle these threats to construct validity by leveraging
multiple indicators of the target construct (Dang & Koedinger, 2019b). In this work, we
operationalized our latent construct, diligence, through a series of metrics defined around
how readily learners start work and how long learners can maintain focus. Analysis
demonstrated that combined factors yielded both better predictions, reliability, and
alignment with motivational factors as measured through correlation with survey-based
motivation instruments. These results point to an interesting foundation for tools and
services that support a construct operationalization process by leveraging multiple facets of
a construct defined in the available behavior data in lieu of ground truth labels to perform
construct validation and iteration.
3.2

Fitting Parameters using a Multi-faceted Latent

Operationalizing a measurement model for classifying a target behavior is a complex
process involving a combination of expert learning science knowledge to understand the
types of constructs to target in the data and data science knowledge to identify how to
measure such targets in the data. Aleven et al (2006) demonstrate an a-priori thresholding
process for operationalizing SRL theory into a measurement model on fine-grained data.
The model consists of a set of if-then-else rules representing a decision tree model for a
pattern of help seeking hypothesized by SRL theory. In order to apply this model to the data,
the model operationalized concepts such as “Familiar at all?” and “Sense of what to do?”
using a set of calculated values in the data and thresholds that are set to values that the
authors describe as “intuitively plausible, given our past experience”. This a-priori heuristic
is difficult to reproduce and requires an intuitive sense of how users interact with the
system, which is not necessarily experience many product development teams possess.
Baker et al (2004) demonstrate a typical approach in the machine learning community,
treating the model definition problem as a supervised machine learning problem. Ground
truth labels of gaming the system behavior were collected from classroom observations and
were used to train a machine learning model on the data. This model fitting process requires a
degree of data science experience to both identify the correct algorithm to apply to the data
given an understanding of the deeper structure of the problem and to elaborate a set of raw
features from the raw data that can improve the ability the algorithm to find a well-fitting
model. New toolkits in the automated machine learning (auto-ml) community have simplified
this process of feature engineering. For instance, Kanter & Veeramachaneni (2015)
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developed the Featuretools framework that leverages deep machine learning algorithms to
automatically elaborate meaningful features over the raw data and takes a user-defined goal
to automatically identify appropriate algorithms to fit a model that solves the target problem.
Another challenge in applying machine learning algorithms is evident in how Kuvalja et al
(2014) leverage a pattern recognition algorithm to identify patterns of behavior that were
indicative of SRL processes. In order to apply the algorithm, the authors defined three
parameters: the minimum number of occurrences of a pattern, the probability of observing
the pattern, and a threshold for how often a pattern must be observed in some time interval.
Setting values for these algorithm parameters appears similar to the a-priori threshold setting
demonstrated by Aleven et al (2006) but requires both knowledge relevant to the occurrence
of SRL behaviors in practice and an understanding of the algorithm. Work in auto-ml also
tackles this problem of automated parameter selection. For instance, Kandasamy et al (2019)
leverage bayesian optimization to automatically identify the optimal parameter values to use
for a particular machine learning algorithm to fit a model to a given data set.
Beyond the issue of lack of ground truth labels discussed in section 3.1, building high quality
models of behavior for an online learning environment requires a number of other data
science skills not typical of the training for many learning scientists. Advances in auto-ml
have demonstrated a capacity for intelligent algorithms to tackle many of these tasks with
minimal input from users, making such tasks more accessible to non-data science users.
While a broader survey of auto-ml is beyond the scope of this work, we point to Zöller &
Huber (2020) for a more comprehensive survey of available auto-ml frameworks and their
capabilities.
3.3

Identifying Heterogeneity

Many online learning environments leverage fine-grained moment-by-moment behavior
data to inform analytics. However, the contribution of Aleven et al (2006) highlights how
many learning science theories do not make strong predictions about exactly how
motivational factors influence learner’s decision-making given some specific combination of
contextual factors that we can observe in the data and bridging this gap is a not trivial. Data
scientists aggregate learner behaviors to test theoretically predicted relationships that
should be evident across contexts. Such aggregation techniques make it difficult to identify
where a model may be inadequately capturing the target construct. For instance, a
disengaged learner is expected to be lower performing than a more engaged learner
because learning necessarily requires completion of some work to engage with concepts.
Engagement might reasonably be operationalized as total time on task. Shih et al (2011)
demonstrate that the quality of a student’s engagement is evident in the speed of a
student’s response to a problem immediately following a request for help. Thus, two
students might appear very similar in their total time working, but within that time,
students’ varying levels of cognitive engagement is evident in the differences in response
time following instructional assistance provided by the learning environment. Using a simple
operationalization of engagement would miss this source of variation in the data. Available
model performance metrics and model interpretation tools lack adequate support for
learning scientists to think critically about the performance of their current models and
identify these shortcomings (Kaur et al, 2019).
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3.3.1

Scaffolding Model Iteration with Qualitative Data Analysis

We believe that data programming (Ratner et al, 2016) offers an interesting approach to
allowing users to encode expert knowledge onto datasets. In this paradigm, users are asked
to define rules, similar to the if-then-else rules defined by Aleven et al (2006), that encode
some heuristic that experts might leverage to make classification judgements when
reviewing learner behavior. These rules can be collected across multiple users and be
overlapping and partially disagree with each other. The set of rules are used to infer labels
for the data. While this is an interesting approach for enabling users to more naturally
encode their knowledge onto the data, there remains the question of how to support users
in realizing what knowledge might be relevant?
Baker & de Carvalho (2008) demonstrated that users with learning science knowledge and
product familiarity are capable of reviewing segments of learner behavior data and drawing
valid inferences on what that learner may be doing. This is a viable method to leverage
learning scientists to identify instances of learner behavior that may be incorrectly classified
and activating relevant knowledge that could be used to define heuristic rules to describe
the model shortcoming. However, there are several barriers to supporting users in searching
for segments of learning actions that may reflect some unknown but currently unaccounted
for adjustment to the current model. We review some of the challenges we have faced in
applying qualitative analysis to iterate on models of motivation and highlight opportunities
for intelligent algorithms and tools to improve this workflow.
3.3.2

Prioritizing Data for Qualitative Review

As discussed previously, learning science theory typically can only make predictions about
learner behavior when aggregated to student-level analytics. However, the goal of the
qualitative analysis process is to support experts by reviewing cases of fine-grained
behavior. This implies a two-step process where users must first identify a student to review
and from that student’s data, specific instances of behavior must be selected for review.
Datasets can involve hundreds if not thousands of students, and just an hour of student
data can translate to several hundred data points. There is an opportunity to improve the
efficiency of this exploration process by leveraging algorithms to prioritize data to review.
In the first stage of the process, users need support in identifying which student’s data to
analyze first. Learning science theory informs users expectations for relationships between
student-level aggregated variables in the data. These relationships can be used by anomaly
detection algorithms to associate each student with some degree of non-fit to expectation
and prioritize students accordingly. Anomaly detection can be as simple as defining a linear
regression predicting some relationship between the available data and using the size of the
prediction error as a data ranking. More complex anomaly detection methods are available,
and we reference Chandola et al (2009) for a more comprehensive review of this literature.
We believe tools that can provide such a ranking mechanism in addition to an ability to
review metadata for each student would greatly improve users’ ability to more effectively
decide how to explore available student data.
Within the subset of data from an individual learner, the next step of the qualitative analysis
process is to select which behavioral data to review first. The greatest challenge in this
space is in supporting a search process where the target of the search is unknown. Anomaly
detection algorithms can be applied to the raw data and then the data could be prioritized
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within student based on how anomalous the data appears to be. However, such methods do
not leverage unencoded expert knowledge to support the ranking process. Recent SRL
research has applied pattern-mining methods to identify relevant behaviors because SRL
behaviors are driven by learning processes and which causes observable reoccurring
patterns in the data (Molenaar & Järvelä, 2014). We believe it would be valuable to cluster
and summarize students’ behaviors and then to leverage interpretable machine learning
frameworks such as interpret ML (Nori et al, 2019). These frameworks can enable users to
understand the type of behavior encapsulated by a cluster in terms of the key contextual
and behavioral features in the data. Similar to the method proposed by Baker & de
Carvalho, expressing the data summaries in terms of these low-level details can allow
experts to infer what may be happening and identify possible unexpected relationships.
Together, these anomaly detection and interpretable machine learning techniques offer
new avenues to surface relevant structure in the data that can inform learning scientists
while searching through the vast quantity of learner data.
4

DISCUSSION

The major challenge in motivational measurement lies in identifying developers with both
the data science and learning science knowledge to competently build measurement
models from existing prior work in the learning analytics and educational data mining fields.
We have demonstrated through examples in our prior work as well as others that there are
opportunities for applying advances in autonomous machine learning and interpretable
machine learning to empower learning science experts without experience in data science
to be able to perform the same construct operationalization processes for building
motivational analytics. We believe this is a promising open area of research for tools and
algorithm development that can greatly accelerate the adoption of motivational analytics in
online learning environments throughout the marketplace.
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