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Given that data-driven decisions are increasingly frequent in workplace learning, the study of 
objective and subjective data and the influence of bias by Tempelaar, Rienties, and Nguyen 
(2020) offers profound insights. Their investigation into the interplay between subjective 
self-report measures and objective trace data in educational research provides a critical 
understanding of the biases inherent in these tools. For workplace learning professionals, this 
study is not just a theoretical exploration but a practical guide to enhancing the effectiveness 
of predictive models in learning environments.

The Motivation Behind the Study
The researchers embarked on this journey motivated by a crucial question: How reliable and 
valid are our traditional tools—self-report surveys—in the face of emerging objective trace 
data from digital learning environments? This question is vital in an educational context where 
the understanding of implicit and complex constructs like motivation and cognitive strategies 
informs the approach to teaching and training.

Findings
	→ Presence of Bias in Self-Report Instruments: The study highlighted the existence of biases, 

such as response styles and overconfidence, in self-report questionnaires. These biases 
can significantly impact the validity of measured constructs.

	→ Objective Trace Data: Trace data, often considered unbiased, revealed its limitations. 
While less influenced by response style biases, its role in predictive models was less stable 
compared to subjective data.

	→ Integrating Data Types: One of the study’s most compelling contributions is the 
demonstration of the value in integrating both subjective and objective data types, 
acknowledging their respective biases, to create more robust predictive models.

Enhancing Predictive Accuracy
Workplace learning professionals can leverage these insights to refine their predictive models. 
Understanding the biases in self-report tools can guide more nuanced interpretations of survey 
data, leading to more accurate predictions of learning outcomes.
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Balancing Subjective and Objective Measures
Professionals should aim for a balanced approach that utilizes both subjective self-reports 
and objective trace data. This approach allows for a comprehensive understanding of 
the learning process, capturing both the quantitative and qualitative aspects of learner 
engagement.

Customizing Learning Interventions
By recognizing the strengths and weaknesses of different data types, learning professionals 
can tailor interventions more effectively. For instance, a high response style bias in a learner’s 
self-report may indicate the need for more personalized learning strategies.

Using this at Work
Practical applications include (a) critically analyzing data sources to understand inherent 
biases in data interpretation, (b) using an integrated approach to develop learning models 
that incorporate both subjective and objective data, (c) implementing feedback systems that 
account for biases in self-reports to ensure more accurate and effective learner feedback, 
and (d) regularly reassessing and adjusting learning strategies based on a combination of 
subjective and objective data analyses for continuous improvement.

Objective Data
Tempelaar, Rienties, and Nguyen’s study is a cornerstone for workplace learning professionals 
seeking to optimize learning through data-driven strategies. It underscores the importance of 
acknowledging and accounting for biases in both subjective and objective data, ultimately 
paving the way for more effective and personalized learning experiences.
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In an era where online and blended learning environments are increasingly prevalent, the 
ethical use of predictive learning analytics (PLA) in distance education has become a crucial 
topic. This article explores the findings of a recent study by Rets, Herodotou, and Gillespie, 
published in the Journal of Learning Analytics, focusing on practical recommendations for 
ethically employing PLA in distance education. The study’s relevance to workplace learning 
professionals lies in its potential to enhance learner development while safeguarding privacy 
and fairness.

Understanding Predictive Learning Analytics 
in Distance Education
Predictive learning analytics use the power of data, analytics, and artificial intelligence 
to anticipate employees’ future learning behaviors and outcomes. This technology offers 
optimism about the ability of analytics to dramatically improve distance education 
by enabling personalized learning paths and timely interventions. However, its ethical 
implications, particularly concerning privacy, bias, and learner autonomy, demand careful 
consideration and responsible application.

Ethical Challenges and the Need for Practical 
Guidelines
The primary ethical challenge in PLA is ensuring that these tools benefit learners without 
infringing on their privacy or reinforcing existing biases. The lack of comprehensive, evidence-
based ethical guidelines in this field has been a significant concern, particularly considering 
cases where algorithms have inadvertently perpetuated biases or infringed on learner 
privacy. This gap underscores the need for practical, experience-informed guidelines to 
navigate these ethical dilemmas.

Practical Recommendations for Ethical PLA 
Use
The study presents six practical recommendations for ethical PLA use in higher education 
institutions (HEIs):
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	→ Involvement of End Users: Actively involve learners and educators in designing and 
implementing PLA tools to ensure they meet the actual needs and contexts of learners.

	→ Inclusivity in LA Design: PLA should cater to a diverse range of learner needs, including 
those at risk of failing and high-performing employees, to maximize the learning 
experience for all.

	→ Action on LA Data: HEIs must not only collect LA data but act upon it to enhance 
employee learning. This involves clear communication of the added value of PLA tools 
and training for educators.

	→ Learner-Centric Interventions: Use PLA data to benefit learners directly, through well-
planned and effective support interventions.

	→ Testing for Hidden Bias: Regularly assess LA data for implicit biases and engage with a 
diverse range of stakeholders to ensure fair and accurate representations of learners and 
their environments.

	→ Updating Institutional LA Ethics Policies: Regularly review and update HEI-wide ethics 
policies, incorporating the latest developments in AI and PLA, to complement existing 
ethical processes.

Applying the Recommendations in Workplace 
Learning
For workplace learning professionals, these recommendations offer a roadmap to implement 
PLA tools responsibly. Engaging with these guidelines can lead to more effective learning 
interventions, better learner support, and enhanced overall learning experiences in distance 
education settings.



Towards Ethical and 
Effective PLA in Distance 

Education
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The ethical use of PLA in distance education is a delicate balance between benefitting 
from its potential and safeguarding against its risks. By adhering to these practical 
recommendations, workplace learning professionals can navigate this balance effectively, 
ensuring that PLA tools serve as catalysts for learning and development rather than as 
instruments of bias or invasion of privacy. This approach not only enhances the educational 
experience but also upholds ethical standards. Intelligent Feedback and Actionable 
Recommendations

Researchers in Stockholm investigated a novel approach using learning analytics and 
explainable machine learning (ML) to enhance learning in an online environment. The study, 
conducted at Stockholm University, Sweden, focuses on providing intelligent feedback and 
actionable recommendations to foster self-regulation in learners.

Aspects of the Study
Traditional feedback methods are time-consuming, making it difficult for educators to provide 
personalized guidance, especially in large classes. The study introduces a method combining 
learning analytics and explainable AI to offer automatic, personalized feedback based on 
data from Learning Management Systems (LMS). The approach predicts learner performance 
on assignments and quizzes and explains the underlying factors influencing these predictions. 
An interactive dashboard providing data-driven feedback and recommendations was 
developed, tested, and evaluated for its utility and limitations.

Research Questions
The research sought to answer two questions: (a) Can explainable ML be used to identify 
factors affecting learner academic performance for providing data-driven feedback? 
(b) What are the utility and limitations of a dashboard designed for such feedback and 
recommendations?

Methodology
The researchers used a four-step process. 

	→ Data Collection and Processing: Data from a programming course was collected, 
preprocessed, and segmented into modules for analysis.
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	→ Machine Learning Models: Various ML algorithms were employed to predict learner 
performance.

	→ Explainable ML Algorithm: An algorithm was developed to identify factors affecting 
performance, providing insights into ‘why’ a prediction was made.

	→ Dashboard Development and Evaluation: A feedback and recommendation dashboard 
was created and evaluated in both expert workshops and educational settings.

Findings and Implications
The findings and implications highlight several points. Firstly, random forest models have 
proven effective in predicting learner performance, establishing them as effective prediction 
models. Secondly, it was found that active participation in the Learning Management 
System (LMS), along with quiz scores and assignment grades, are critical influencers 
of learner performance. Thirdly, the use of a dashboard was shown to facilitate self-
regulation, motivation, and improved learning outcomes for learners, underlining its benefits. 
Lastly, the utility of the dashboard was significantly enhanced by providing actionable 
recommendations and ensuring a user-friendly design.

Limitations and Future Directions
The section on limitations and future directions identifies several areas for further research 
and development. The study’s applicability is currently limited to programming courses and 
requires validation across larger, more diverse data sets, due to its course specificity and 
sample size. Additionally, future work will focus on enhancing the dashboard’s functionality, 
which includes adding more features and improving its design. Another area of future 
research is to address the limitation of the LIME framework, which currently provides only local 
explanations, and extend it to include global feature influences.

Explainable AI can Support Personalized 
Learning
The study successfully demonstrates the use of explainable AI and learning analytics in 
providing effective, data-driven feedback and action recommendations. This approach has 
significant potential in personalized online education, assisting both learners and trainers in 
enhancing learning outcomes.



The Role of Artificial 
Intelligence in Education
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Imagine a future where the boundaries of education are pushed beyond traditional 
classrooms, where personalized learning experiences are not just an ideal but a reality for 
every learner. This future is not far-fetched, it’s a possibility anchored in the present by the 
power of Artificial Intelligence (AI) in education.

The researchers examined the transformative potential of AI in education. We will decode the 
complex mechanisms of AI, examine its profound implications for learning, and unveil how 
workplace learning professionals can use its capabilities to elevate educational outcomes 
and professional development.

Understanding AI ’s Foundations in 
Educational Contexts
AI in education represents a confluence of machine learning algorithms, data analytics, 
and cognitive computing designed to personalize and enhance learning experiences. The 
“Black Box” of AI often mystifies its operational essence, yet at its core, it utilizes data-driven 
insights to adapt to learner’s needs in real-time. For workplace learning professionals, this 
means leveraging AI to identify skill gaps, predict learning paths, and create a responsive 
educational environment.

AI ’s Capabilities and Limitations in 
Learning Environments
The capabilities of AI in education are impressive, from automating administrative tasks to 
providing predictive analytics for learner performance. However, it’s crucial to acknowledge 
AI’s limitations, such as the difficulty in generalizing across diverse educational settings and 
the potential for inheriting biases from training data. Workplace learning professionals must 
be vigilant in applying AI thoughtfully, ensuring that it augments rather than detracts from the 
human-centric aspects of education.

Ethical Considerations and the Human 
Element
AI’s integration into education raises ethical questions, especially concerning data privacy, 



surveillance, and equity. As AI systems become more prevalent, workplace learning 
professionals have a responsibility to advocate for transparency, fairness, and inclusivity, 
ensuring that AI tools are used to support all learners equitably.

Adaptive Learning through AI
Workplace learning professionals can apply AI insights by (a) implementing adaptive learning 
platforms to personalize employee training, (b) utilizing data analytics to inform curriculum 
development and identify effective instructional strategies, (c) leveraging AI-driven analytics 
for talent development and succession planning, (d) ensuring continuous professional 
development through AI-curated learning resources.

Balanced Optimism
Artificial Intelligence in education is not a panacea, but it is a powerful tool that, when 
understood and applied correctly, can profoundly enrich the learning experience. For 
workplace learning professionals, the journey towards integrating AI into education requires a 
balance of enthusiasm for technology’s potential with a steadfast commitment to the ethical 
and equitable treatment of all learners. By considering AI’s possibilities and navigating its 
complexities, we can work towards an educational future that values both technological 
advancement and the human touch.

The integration of Artificial Intelligence (AI) into learning analytics represents a groundbreaking 
shift in educational technology. With AI-driven analytics, educators can develop their 
understanding of the learner and enhance learning behaviors and strategies. The researchers 
examine the transformative role of AI in learning analytics, which proposes a human-centered 
AI framework for optimizing learning strategies.



Understanding Human-
Centered AI Learning 
Analytics Framework
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The Foundation of the Framework
The research by Zhao et al. (2023) introduces a human-centered approach to AI in learning 
analytics. This methodology places a strong emphasis on aligning AI analysis with human 
learning patterns, thereby enhancing the educational experience. 

Elements of the Framework
	→ Data Collection: Using diverse sources to gather comprehensive learning behavior data.

	→ Data Processing: Refining and preparing data for accurate analysis.

	→ Data Analysis: Implementing AI algorithms for predictive and behavioral analysis.

	→ Result Confirmation: Ensuring the reliability and applicability of AI-driven insights.

	→ Result Application: Translating data into practical, actionable learning strategies.

The Impact on Learning Strategy Development
The framework’s design effectively translates complex AI analyses into implementable learning 
strategies, thereby improving educational outcomes and learner engagement.

Advantages of AI in Learning Analytics
AI algorithms offer tailored learning paths for individual learners. AI helps in identifying at-
risk learners early, enabling timely intervention. Data-Driven Decisions: Educators can make 
informed decisions based on comprehensive data analysis.

Implementing the Framework in Practice
Zhao et al. (2023) conducted a study to validate the framework. They utilized an e-book 
system to collect data on student reading behaviors and applied machine learning 
algorithms for analysis. The results successfully identified specific learning strategies that 
improved student engagement and performance, demonstrating the practical effectiveness 
of the framework.
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Applying AI Learning Analytics in the 
Workplace
Workplace learning professionals can leverage AI-driven analytics to create personalized 
training programs. By analyzing employee learning behaviors, trainers can design courses that 
are more engaging and effective.

AI analytics can be used to identify skill gaps and provide targeted training, ensuring 
employees receive the support they need to succeed in their roles. AI-driven insights enable 
organizations to adapt their training programs continuously, ensuring they remain relevant 
and impactful.

Looking to the Future of Learning
The study by Zhao et al. (2023) highlights the transformative potential of AI in learning 
analytics. For workplace learning professionals, this represents an opportunity to adopt a 
data-driven approach that enhances learning outcomes and fosters a culture of continuous 
improvement. By integrating AI into their learning strategies, organizations can improve 
employee performance.



Leveraging Learning 
Analytics in Career 

Development



Workplace learning professionals are constantly seeking effective strategies to equip learners 
for a future where traditional career pathways are no longer predictable. The integration of 
Learning Analytics (LA) in career development programs offers a transformative approach, 
reshaping how educators guide employees in navigating their career paths with confidence 
and agility.

The integration of Learning Analytics (LA) in career development marks a shift in educational 
practices. In an era where the job market is rapidly transforming due to technological 
advancements and globalization, it is crucial for educational institutions to evolve their 
teaching methodologies. LA, combined with Machine Learning (ML) and Artificial Intelligence 
(AI), provides educators with powerful tools to assess learning environments and learner 
progress more efficiently. This technology enables a qualitative leap in diverse types of 
assessment, offering insights that were previously unattainable due to practical constraints.

Rethinking Career Education in the Digital 
Age
The traditional approach to career education, primarily based on matching learner interests 
and aptitudes to existing occupational profiles, is increasingly becoming obsolete in the 
face of a changing job market. The integration of LA in career development programs is a 
meaningful change, enabling educators to shift from a static, one-size-fits-all approach to a 
more personalized educational experience. This transformation involves leveraging data to 
understand learning patterns, strengths, and areas for improvement, thus providing tailored 
guidance for their career paths.

Career Self-Efficacy as a Focus
Career Self-Efficacy (CSE) is emerging as a crucial element in career development programs. 
CSE, derived from Bandura’s theory of self-efficacy, pertains to an individual’s belief in 
their capability to navigate career-related tasks and decisions. Integrating LA into career 
development strategies allows educators to focus on enhancing learners’ CSE by providing 
real-time, personalized feedback. This approach fosters learners’ ability to self-assess, set 
personal goals, and track their progress, thus empowering them to take charge of their career 
development journey.
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Transforming Feedback Mechanisms with 
Learning Analytics
The role of feedback in education is important to learner improvement, and LA offers 
new dimensions in providing timely and personalized feedback. Through LA, educators 
can provide learners with insights about their learning progress, helping them identify 
their strengths and weaknesses. This targeted feedback supports the development of 
metacognitive skills and enables learners to make more informed career decisions. By 
reinforcing employees’ CSE, LA facilitates a proactive approach to career planning, aligning 
with the evolving requirements of the modern job market.

Learning Analytics Applied
Workplace learning professionals can use the power of LA to customize career development 
programs. This involves integrating LA tools to analyze learner performance and provide 
customized feedback. Professionals can also use LA to design career-related activities and 
simulations that foster real-world skill development. By incorporating LA into their practices, 
educators can create a more engaging, relevant, and effective learning environment that 
resonates with the changing needs of the job market.

Use Analytics to Stay Aligned to Changing 
Market Needs
The integration of LA in career development signifies a significant shift in educational 
practices, aligning them with the rapidly changing job market. By focusing on enhancing 
learners’ CSE and providing personalized feedback through LA, educators can equip 
learners with the skills and confidence needed to navigate their career paths successfully. 
This approach not only benefits learners in their career journey but also aligns educational 
practices with the demands of the 21st-century workplace.



Enhancing Workplace 
Learning with Analytics



In a data-driven era, the power of learning analytics is transforming educational 
environments. By tapping into this potential, workplace learning professionals can foster 
improved outcomes and engage learners more effectively. The Rise of Learning Analytics in 
Workplace Education

The integration of learning analytics in workplace training programs has opened new avenues 
for personalized and effective learning experiences. Studies have shown that interventions 
such as learner-facing dashboards significantly improve learning outcomes by offering real-
time progress tracking and personalized feedback.

Methodological Insights from Current Research
Research methodology in learning analytics is diverse, yet a common approach has been the 
use of experimental designs to validate the impact of interventions. This has included a variety 
of data analysis techniques, such as predictive modeling and relationship mining, to enhance 
human judgment in the learning process.

Outcomes and Effects on Learners and 
Instructors
Learning analytics-based interventions have been linked with positive effects on learner 
motivation, engagement, and performance. For instructors, such systems have facilitated 
more effective performance monitoring and feedback delivery.

Dashboards and Feedback
Workplace learning professionals can apply these findings by implementing analytics-
based dashboards, personalizing learning content, and employing data-driven feedback 
mechanisms to support both instructors’ teaching methods and learners’ self-regulated 
learning strategies. This exploration of learning analytics-based interventions reveals their 
significant impact on educational outcomes. For workplace learning professionals, applying 
these insights means leveraging data to not only educate but also motivate and engage 
learners in a continuous cycle of improvement.



Exploring Dispositional 
Learning Analytics in 

Individualized Learning 
Feedback
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The field of learning analytics (LA) has seen remarkable advancements, particularly in 
enhancing personalized learning feedback. A study by Dirk Tempelaar, Bart Rienties, and 
Quan Nguyen focused on how Dispositional Learning Analytics (DLA) can be employed to 
refine LA, especially in initial stages of learning.

Learning Analytics Overview
The concept of LA primarily revolves around the use of data to offer meaningful feedback 
to learners. Trace data, or digital footprints left by learner in technology-enhanced learning 
environments, forms the basis of prediction models in LA. However, solely relying on trace data 
may lead to “black box” models with limited generalizability. Thus, there’s a growing interest in 
integrating learning dispositions into LA to develop more explanatory learner models.

The Role of Learning Dispositions
Learning dispositions, which include attitudes, values, and habits of mind, are crucial in 
shaping an individual’s approach to learning. These dispositions, such as mindsets about 
intelligence (entity vs. incremental theories), significantly influence learning processes. 
However, capturing these dispositions purely through trace data can be challenging. The 
study thus emphasizes the importance of combining trace data with dispositional data, like 
self-report surveys, for a more comprehensive understanding.

Study Focus and Methodology
This study, conducted with over 1,000 first-year business students, aimed to illustrate how 
incorporating Dweck’s mindset disposition (entity and incremental theories of intelligence) at 
the beginning of a module can enhance LA’s precision and actionability. Cluster analysis was 
used to create learning profiles based on students’ mindset data, and these profiles were then 
related to other learning metrics like engagement and module performance.

Findings and Discussion
The study identified five distinct learner clusters, challenging the traditional bipolar model of 
mindsets. It found that mindset dispositions are more nuanced and complex than previously 
thought. These clusters were also linked to learning outcomes, revealing that students in the 



29

“consistent” profile (aligned with incremental theory) had the highest scores in adaptive 
learning dispositions but were not necessarily the top performers academically.

Implications for Personalized Learning
The research underscores the significance of DLA in enhancing personalized learning 
feedback. By integrating disposition data early in the learning process, educators can tailor 
interventions more effectively. This approach is particularly beneficial when other data, such 
as trace data, are not yet sufficiently rich.

Impactful Data
The study highlights the robust impact of learning dispositions in LA applications. It 
recommends using disposition data to initiate LA applications and advises selecting 
disposition instruments that align with potential learning interventions. This approach not only 
refines the accuracy of early predictions but also connects LA predictions with actionable 
learning interventions.



Optimizing Education: 
The Power of a Human-

Centered Learning 
Analytics Framework
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In the pursuit of educational excellence, the integration of human-centered artificial 
intelligence (AI) into learning analytics has emerged as a frontier for innovation. The Learning 
Analytics Framework (LAF) has become a tool not just for understanding educational 
outcomes but for shaping them proactively. This article explores the transformative potential of 
a human-centered LAF and its implications for workplace learning professionals.

Understanding Learning Analytics
Learning analytics is the collection, measurement, analysis, and reporting of data about 
learners and their contexts. By employing a human-centered Learning Analytics Framework, 
educators and workplace learning professionals can decipher complex data and translate it 
into actionable strategies to enhance learning outcomes.

The Human-Centered Approach
Incorporating human-centered AI into learning analytics means designing and applying 
technology that accounts for human values, educational needs, and cognitive capabilities. It 
brings a nuanced understanding of how learning occurs and how it can be improved through 
timely interventions tailored to individual learner profiles.

Bridging the Gap with Evidence-Driven 
Education
Evidence-driven education (EDE) forms the backbone of an effective Learning Analytics 
Framework. It leverages high-quality, empirical research to guide instructional design, ensuring 
that educational practices are not only theoretically sound but also proven in practice. This 
approach closes the gap between research and application, leading to more effective 
learning strategies.

Applying LAF in Workplace Learning
For workplace learning professionals, the Learning Analytics Framework offers a roadmap to 
enhance learning interventions. Here’s how you can apply it:
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	→ Data Collection: Use tools to gather precise data on learning behaviors.

	→ Data Analysis: Employ AI algorithms to identify patterns and predict outcomes.

	→ Strategy Development: Develop learning strategies based on data insights.

	→ Implementation: Apply these strategies to create targeted learning experiences.

	→ Assessment: Continuously evaluate the effectiveness of the strategies and refine them.

Human-centered
A human-centered Learning Analytics Framework is not just a conceptual tool; it’s a practical 
solution to the age-old challenge of understanding and improving learning. By integrating 
EDE into the framework, workplace learning professionals can devise strategies that are both 
innovative and grounded in solid evidence. The result? Enhanced learning outcomes that are 
tailored to the unique needs of each learner.

Understanding Learner Engagement in Online 
Environments
Learner engagement in online environments is a multidimensional construct, encompassing 
behavioral, cognitive, and emotional components. Engagement is more than mere 
participation; it involves the depth of involvement, the quality of interaction, and the extent 
of commitment to the learning process. In online settings, this can manifest as active 
participation in forums, consistent interaction with course materials, and emotional investment 
in the learning journey. Workplace learning professionals can use these dimensions to design 
and tailor online learning experiences that resonate more deeply with learners.

The Role of Learning Analytics in Enhancing 
Engagement
Learning Analytics, at its core, involves collecting, analyzing, and reporting data about 
learners and their contexts. By tracking digital traces like log data, time-on-task, and 
interaction patterns, LA offers a comprehensive view of how learners engage with online 
content. For workplace learning professionals, leveraging LA means gaining insights into 
learner behaviors, which can guide the creation of more personalized and effective learning 



experiences. By understanding patterns in engagement, they can identify areas where 
learners struggle and provide targeted interventions to keep the learning process both 
challenging and rewarding.

LA Tools for Measuring Engagement
Several LA tools are freely available, offering diverse functionalities to track and measure 
engagement in online learning environments. Tools like Moodle’s “MEAP” and “LEMO2 Course 
Explorer” provide visualizations of learner engagement and performance metrics. These tools 
enable workplace learning professionals to monitor learners’ progress and engagement in 
real time, offering a data-driven approach to enhance the learning experience. By utilizing 
these tools, professionals can make informed decisions about course design, content delivery, 
and personalized support mechanisms.

Put it to Work: Practical Application of LA in 
Workplace Learning
Workplace learning professionals can apply the insights from LA in several practical ways:

	→ Tailor content delivery based on learner engagement patterns.

	→ Provide personalized feedback and support to learners who show signs of 
disengagement.

	→ Design interactive and engaging online modules that encourage active participation.

	→ Use data to continuously improve online learning experiences, ensuring they are aligned 
with learners’ needs and preferences.

Transformation through Data
The integration of Learning Analytics in online learning environments presents a transformative 
opportunity for workplace learning professionals. By leveraging the power of data to 
understand and enhance learner engagement, they can create more impactful and 
engaging learning experiences. It’s important to use LA not just as a tool for measurement, 
but as a catalyst for creating a more responsive, and learner-centered online educational 
environment. As we consider the potential of LA, the future of online learning looks 
increasingly promising, marked by greater engagement, effectiveness, and satisfaction for 
learners worldwide.
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The Power of Self-
Regulated Learning 

Strategies
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The shift towards online learning, particularly asynchronous modes, has become increasingly 
prominent in the wake of the COVID-19 pandemic. This transformation presents both 
opportunities and challenges for educators and learners. Success in such environments lies 
in understanding and applying effective self-regulated learning (SRL) strategies. This article 
explores the significance of SRL in asynchronous online courses (AOCs), offering insights for 
workplace learning professionals to enhance learning outcomes.

The Essence of Self-Regulated Learning in 
Asynchronous Online Courses
Self-regulated learning is important in AOCs, where learners navigate their educational 
journey independently. A study by Sun et al. (2023) reveals the critical role of SRL in managing 
cognitive load and enhancing learner engagement. In this context, SRL strategies help 
learners to plan, execute, and adjust their learning processes, which is crucial given the 
absence of real-time guidance from instructors. For workplace learning professionals, 
understanding the components of SRL, such as goal setting, strategic planning, and self-
evaluation, is important for fostering a supportive learning environment.

Identifying and Supporting Diverse Learner 
Profiles
Not all learners engage with SRL strategies equally. The study by Sun et al. (2023) identified two 
distinct groups: high SRL (H-SRL) and low SRL (L-SRL) learners. The H-SRL group demonstrated 
lower extraneous cognitive load and higher learning performance, emphasizing the 
importance of tailored learning interventions. Workplace learning professionals must 
recognize and address the diverse needs of learners, offering personalized support and 
resources to encourage effective SRL behaviors.

Impact of SRL on Learning Performance and 
Cognitive Load
The study highlighted a direct correlation between effective SRL strategies and learning 
outcomes. The H-SRL group not only outperformed the L-SRL group in learning performance 



but also experienced lower cognitive load. This finding underscores the need for workplace 
learning professionals to integrate SRL-enabling tools and strategies into learning designs. By 
doing so, they can help learners manage cognitive resources more efficiently and achieve 
better learning outcomes.

How to Apply
Workplace learning professionals can apply these insights by integrating self-regulated 
learning (SRL) tools into learning platforms to aid in goal setting, time management, and 
self-evaluation. They can also create personalized learning pathways that are adaptive to 
different SRL profiles. Furthermore, it’s important to use analytics to monitor SRL behaviors 
and provide timely, personalized feedback. Lastly, training educators and trainers on the 
importance of SRL and methods to foster it in learners is crucial for professional development.

The transition to asynchronous online learning environments necessitates a deeper 
understanding of self-regulated learning. The findings from Sun et al. (2023) illuminate the 
profound impact of SRL on learning performance and cognitive load management. For 
workplace learning professionals, the takeaway is the need to integrate SRL strategies into 
learning designs and offer personalized support to cater to diverse learner profiles. By doing 
so, they can enhance the effectiveness of their learning programs and contribute to the 
overall success of their learners.



Navigating the 
Complexities of Self-

Regulated Learning  
Analysis
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With the advent of digital learning tools and platforms, there’s a burgeoning interest in 
leveraging multimodal trace data—ranging from eye movements to physiological signals—to 
gain deeper insights into SRL processes. This article explores the intersection of multimodal 
data analysis and SRL, offering practical applications for workplace learning professionals.

Understanding Self-Regulated Learning 
(SRL)
SRL involves active control over cognitive, affective, and motivational processes during 
learning. This multifaceted concept is critical in modern educational contexts, where learners 
are increasingly expected to manage their learning autonomously. By understanding the 
nuances of SRL, workplace learning professionals can foster environments that encourage 
and support these vital skills.

The Role of Multimodal Trace Data in SRL 
Research
Multimodal trace data, such as screen interactions, facial expressions, and physiological 
responses, provides a wealth of information about the learning process. This data helps 
researchers and educators understand how learners interact with content, identify areas of 
struggle or engagement, and tailor interventions to enhance learning outcomes.

Analytical Challenges and Opportunities
Analyzing multimodal trace data presents unique challenges due to its complexity and 
volume. However, advancements in data analytics and artificial intelligence offer promising 
solutions. By effectively adopting these technologies, workplace learning professionals can 
gain actionable insights into learners’ SRL processes.

Put it to work
Workplace learning professionals can apply insights from multimodal trace data analysis in 
several ways. For instance, they can use data-driven strategies to identify learners needing 



additional support, tailor learning experiences to individual needs, and evaluate the 
effectiveness of educational interventions.

The Takeaway
The integration of multimodal trace data in understanding and supporting SRL represents 
a significant advancement in educational research and practice. For workplace learning 
professionals, leveraging these insights can lead to more effective and personalized learning 
experiences, ultimately enhancing the overall educational journey.



40

References



	→ Afzaal, M., Nouri, J., Zia, A., Papapetrou, P., Fors, U., Wu, Y., & Weegar, R. (2021). Explainable 
AI for Data-Driven Feedback and Intelligent Action Recommendations to Support 
Students Self-Regulation. Frontiers in Artificial Intelligence, 4. https://doi.org/10.3389/
frai.2021.723447

	→ Brass, T., Kennedy, J. P., Gabriel, F., Neill, B., Devis, D., & Leonard, S. N. (2023). Learning 
analytics for lifelong career development: A framework to support sustainable formative 
assessment and self-reflection in programs developing career self-efficacy. Frontiers in 
Artificial Intelligence, 6. https://doi.org/10.3389/frai.2023.1173099

	→ Caspari-Sadeghi, S. (2022). Applying Learning Analytics in Online Environments: Measuring 
Learners’ Engagement Unobtrusively. Frontiers in Education, 7. https://doi.org/10.3389/
feduc.2022.840947

	→ Cloude, E. B., Azevedo, R., Winne, P. H., Biswas, G., & Jang, E. E. (2022). System design for 
using multimodal trace data in modeling self-regulated learning. Frontiers in Education, 7. 
https://doi.org/10.3389/feduc.2022.928632

	→ Dweck, C. S. (2006). Mindset: The new psychology of success. Random House.

	→ Gillani, N., Eynon, R., Chiabaut, C., & Finkel, K. (2023). Unpacking the “Black Box” of AI 
in Education. Educational Technology & Society, 26(1), 99-111. https://doi.org/10.30191/
ETS.202301_26(1).0008

	→ Rets, I., Herodotou, C., & Gillespie, A. (2023). Six Practical Recommendations Enabling 
Ethical Use of Predictive Learning Analytics in Distance Education. Journal of Learning 
Analytics, 10(1), 149-167. https://doi.org/10.18608/jla.2023.7743

	→ Shum, S. B., & Crick, R. D. (2012). Learning dispositions and transferable competencies: 
pedagogy, modelling and learning analytics. Proc. LAK12: 2nd International Conference 
on Learning Analytics and Knowledge.

	→ Sun, J. C.-Y., Liu, Y., Lin, X., & Hu, X. (2023). Temporal learning analytics to explore traces 
of self-regulated learning behaviors and their associations with learning performance, 
cognitive load, and student engagement in an asynchronous online course. Frontiers in 
Psychology, 13, 1096337. https://doi.org/10.3389/fpsyg.2022.1096337

	→ Tempelaar, D., Rienties, B., & Nguyen, Q. (2020). Subjective data, objective data and 
the role of bias in predictive modelling: Lessons from a dispositional learning analytics 
application. PLoS ONE, 15(6), e0233977. https://doi.org/10.1371/journal.pone.0233977

	→ Tempelaar, D., Rienties, B., & Nguyen, Q. (2021). Dispositional Learning Analytics for 
Supporting Individualized Learning Feedback. Front. Educ. 6:703773. doi: 10.3389/
feduc.2021.703773

	→ Tepgeç, M., & Ifenthaler, D. (2022). Learning Analytics Based Interventions: A Systematic 
Review of Experimental Studies. 19th International Conference on Cognition and 



Exploratory Learning in Digital Age (CELDA 2022), 327-330. Caspari-Sadeghi, S. (2022). 
Applying Learning Analytics in Online Environments: Measuring Learners’ Engagement 
Unobtrusively. Frontiers in Education, 7. https://doi.org/10.3389/feduc.2022.840947



43


