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Editorial on the Research Topic

Machine learning applications in educational studies

Education, a cornerstone for human development, has witnessed significant

transformations in recent years due to the advent of machine learning (ML) techniques. The

confluence of big data, computational power, and increasingly sophisticated algorithms has

enabled ML to make a substantial impact on the educational research and practice (Zhai

et al., 2020b; Kubsch et al., 2022). As ML permeates various domains (e.g., Lu et al., 2021a,b;

Lu and Liao, 2022), its potential to revolutionize educational research and practice becomes

increasingly apparent (Zhai et al., 2020a; Zhai, 2021; Yürekli et al., 2022). A myriad of ML

techniques, including supervised, unsupervised, and reinforcement learning, are employed

to tackle diverse challenges and opportunities in the education (Zhai et al., 2020a, 2021).

These applications span intelligent tutoring systems, adaptive learning platforms, learning

analytics, and student performance prediction, among others (Linn et al., 2023).

In this Research Topic, we introduce a collection of articles that explore the wide-

ranging applications of ML in educational studies, showcasing the power of these cutting-

edge technologies to redefine the ways we assess, teach, and engage with learners. These

contributions highlight the keymethodologies, challenges, and opportunities associated with

the implementation of ML in various educational contexts. Furthermore, they emphasize

the ethical considerations, limitations, and challenges that must be addressed to ensure the

responsible and equitable adoption of ML in education.

This paper, “Computer or teacher: who predicts dropout best,” (Eegdeman et al.)

investigates the accuracy of teacher predictions of student dropout compared to ML

algorithms and the potential benefits of combining both approaches. The research focuses

on a vocational education program in sports with a relatively high dropout rate. It

demonstrates that some teachers, as well as the composite of teacher predictions, could

predict dropout more accurately than some ML algorithms at the beginning of the program.

However, as the school year progresses and more data becomes available, ML algorithms’

performance improves, matching or surpassing teacher predictions. The study suggests that

ML algorithms, when combined with teacher input, can lead to a more accurate and targeted

approach to combatting student dropout. However, the research is limited by its small

sample size, and further replication is needed for generalization. The results emphasize

the potential benefits of leveraging both teacher insights and ML algorithms in dropout

prevention programs and encourage future research on incorporating teacher predictions

into ML algorithms to improve accuracy.
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The study, “Prediction of differential performance between

advanced placement exam scores and class grades using machine

learning,” (Suzuki et al.) examines predictors of differential

performance between AP class grades and AP exam scores using

machine learning methods, specifically random forests, on data

from 381 high school students enrolled in AP Statistics courses

in the 2017–2018 academic year, and replicates the analysis on

a separate cohort of 422 students from the 2018–2019 academic

year. Results highlight students’ school and behavioral engagement

as predictors of differential performance. The study suggests

that high class grades don’t necessarily guarantee high AP exam

scores, and school-level differences in relative performance pose

equity concerns toward the use of AP exam scores in high-stakes

decisions, such as college admissions. By identifying personal and

contextual characteristics that predict performance, this research

contributes valuable insights into the relationship between class

grades and standardized test scores in the context of the AP

program, which is prominent in US high schools and plays a

significant role in educational decisions.

The study, “Predicting attribution of letter writing performance

in secondary school: a machine learning approach,” (Boekaerts

et al.) aims to investigate the factors that influence students’ causal

ascription of their perceived writing outcome in vocational high

schools using a machine learning approach. The study collected

data from 1,130 students through prospective questionnaires and

analyzed the interactions among domain-specific information,

context-sensitive appraisals, and emotions to determine their

impact on task engagement, task satisfaction, and attribution of the

perceived learning outcome. The results indicate that the quality

of the internal environment students create during the goal setting

and striving stage influences their causal ascription of the perceived

writing outcome. Additionally, motivational variables at both the

domain and situation-specific levels significantly contribute to

students’ attributions. The study’s findings suggest that attributions

are more than individual difference variables and should be studied

in a context-sensitive way. The study concludes that a system

approach has the potential to bring together large bodies of

research to better understand students’ attributions and that future

research should consider the dynamic aspects of self-regulation and

unfolding attribution processes.

Unlike the authors of the other three studies that utilized

supervised learning approaches, Han et al. applied methods that

are close to the unsupervised learning scope. Supervised learning

approaches often specify at least one outcome in the model,

whereas unsupervised learning lets the algorithm learns patterns in

data without being explicitly told what the correct output should

be. In other words, there is no specific outcome in the dataset.

Some unsupervised learning algorithms share similarities with item

response theory in that the goal is to measure the underlying

factor of all the variables and maximize the variance explained

by the model. Han et al. demonstrated that when the items in

an exam are highly dimensional (for example, 300 items in their

study), naively summing up the scores of all items could introduce

noise/errors that reduce the quality of the measurement; on the

other hand, utilizing item response theory or unsupervised learning

models could compress the items more efficiently. In this scenario,

data-driven ML-based computational models and theory-based

psychometrics are integrated into computational psychometrics.

Our aim with this Research Topic is to foster interdisciplinary

dialogue and collaboration between the fields of machine learning

and educational studies. By presenting a diverse array of

perspectives and insights, we hope to inspire future research

and advance the development of more effective, inclusive, and

personalized educational experiences for learners worldwide.

As we navigate the complexities and potential of ML

applications in education (Zhai et al., 2023), it is crucial to continue

expanding our understanding, sharing best practices, and critically

examining the implications of these technologies. We invite our

readers to engage with the articles presented in this Research Topic,

contributing to the ongoing conversation about the transformative

potential of machine learning in educational studies (Zhai, 2021).
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