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Abstract

The demand for STEM education is rising globally, yet high attrition rates among underrepresented groups
remain a significant challenge. This paper explores the potential of predictive analytics and learning
analytics (LA) to enhance student retention and success in STEM fields. Predictive analytics, leveraging
vast datasets including academic performance, engagement metrics, and demographic variables, allows
educators to identify at-risk students early and implement targeted interventions. Recent advancements
in artificial intelligence (AI) have further transformed these predictive models, enabling real-time
adaptation of learning materials and personalized support. However, ethical concerns regarding data
privacy, algorithmic bias, and equitable access must be addressed to ensure all students benefit from these
innovations. Through a systematic literature review of studies published between 2020 and 2024, this
paper highlights the effectiveness of predictive analytics in improving STEM education outcomes while
emphasizing the importance of inclusive practices. Ultimately, this research underscores the potential of
predictive analytics to revolutionize STEM education, fostering a more equitable and supportive learning
environment for all students.
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INTRODUCTION

The demand for STEM (Science, Technology, Engineering, and Mathematics) education continues to
grow globally, driven by the increasing need for specialized knowledge in these fields. However, high attrition
rates persist, particularly among underrepresented groups such as women, racial minorities, and first-
generation college students. To address these challenges, educators and institutions have turned to predictive
analytics and learning analytics (LA) as critical tools for improving student outcomes and retention in STEM
disciplines (Xu & Jaggars, 2021; Suarez-Orozco et al,, 2022).

While previous systematic reviews have explored the role of Al and predictive analytics in education, this
study provides a unique contribution by specifically focusing on their applications and impacts within STEM
education. It builds on prior research by integrating the latest advancements in Al-driven educational
technologies, including explainable Al (XAI) and predictive models that enhance transparency and trust in Al-
driven recommendations (Takahashi et al,, 2024). These innovations provide a deeper understanding of how
predictive analytics can be used to improve student retention and foster inclusivity in STEM fields.

Recent research has highlighted several emerging themes that were not extensively discussed in
previous studies. For instance, Al-powered interventions led to a 28% increase in retention rates across STEM
programs globally, underscoring the profound impact of predictive analytics on student outcomes (Chen et al,,
2024). Furthermore, the exploration of XAl in educational analytics addresses the ethical concerns surrounding
Al use, such as transparency and bias, and provides a pathway to more responsible implementation of Al
technologies in STEM education (Takahashi et al, 2024).
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Additionally, this review identifies new trends in STEM education that leverage Al and predictive

analytics. These include the integration of computational thinking and coding into curricula from an early age,
the use of Al in curriculum development and assessment, and the application of predictive analytics in gamified
learning environments. These emerging trends reflect a shift toward more personalized, adaptive, and engaging
STEM education strategies, further enhancing the effectiveness of predictive analytics.

However, the use of Al in STEM education also raises ethical concerns, particularly regarding data
privacy, algorithmic bias, and ensuring equitable access to Al resources. These challenges must be addressed to
ensure that Al benefits all students, regardless of their background (Pramasdyahsari, 2023).

This study not only updates previous reviews with the latest research and technological advancements
but also introduces emerging themes in Al-driven educational technologies. It offers a comprehensive
exploration of how predictive analytics can address the critical challenges in STEM education, with a focus on
improving student retention and fostering inclusivity in an ever-evolving technological landscape, paving the
way for more informed and effective educational practices.

Research Objectives:

This paper delves into the role of predictive analytics and Al in addressing challenges in STEM education,
particularly focusing on student retention and equity in learning outcomes.

1. Towhatextentdo predictive analytics and Al identify and support at-risk students in STEM education?

2. How do predictive models and personalized learning strategies impact retention and success rates
among underrepresented groups?

3.  What ethical and systemic factors influence the equitable implementation of predictive analytics and
Alin STEM education?

METHODOLOGY

This study employs a systematic literature review methodology to analyze peer-reviewed articles,
conference proceedings, and empirical studies published between 2020 and 2024. The purpose of this time
frame is to capture the most recent advancements in predictive analytics and Al applications in STEM
education, reflecting the evolving nature of the field. While older foundational studies may provide valuable
context, studies from 2020 onward were prioritized to focus on the latest trends, technologies, and
interventions that have emerged in response to current educational challenges (Xu & Jaggars, 2021; Pelanek,
2021).

The inclusion criteria for this review were as follows: (1) studies that discuss the application of
predictive modeling, learning data analytics, or Al-based systems in STEM education, (2) research that assesses
the impact of these technologies on student success, particularly regarding retention, performance, and
engagement in STEM disciplines, and (3) studies that examine equity, diversity, and inclusion (EDI) within the
context of STEM education. Excluded studies included those that focused solely on general educational
applications of Al or predictive analytics without a STEM-specific focus, as well as those that did not provide
empirical data or lacked peer-reviewed publication status.

Databases such as IEEE Xplore, ERIC, Google Scholar, and Scopus were utilized to identify key research
studies. The review process also included an assessment of research themes such as the types of learning data
collected, the efficacy of predictive analytics in improving STEM outcomes, challenges related to the
implementation of these tools, and the role of Al in augmenting predictive models. Furthermore, attention was
given to studies that explored how Al-driven technologies can address gaps in STEM education, particularly
those related to underrepresented groups (Baker & Siemens, 2020; Gobert et al., 2013).
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FINDINGS
The Role of Predictive Analytics in STEM

Predictive models use data from multiple sources, including learning management systems, academic
history, attendance records, and even real-time behaviors like participation in online forums or digital
coursework interactions (Ramesh et al., 2023). These models identify patterns that are often indicative of
future academic struggles, allowing educators to intervene earlier and with greater precision (Gasevi¢ et al,,
2022). For instance, early identification of disengagement based on decreasing interactions with course
materials can prompt personalized outreach to the student before the problem escalates (Wang et al., 2022).

Al and machine learning have also played a crucial role in enhancing the effectiveness of predictive
analytics (Zhou et al,, 2022). Al-driven models can analyze complex data sources, such as video and audio
recordings of student-teacher interactions, speech sentiment, and classroom sensor data, offering insights that
go beyond traditional quantitative metrics (Pavlou et al,, 2023). These models allow for real-time monitoring
of student progress, dynamically adjusting interventions to the changing needs of students (Hwang & Tu,
2021).

Building on these advancements, recent research in 2024 has further expanded the scope and precision
of predictive analytics in STEM education. A comprehensive study demonstrated how Al-powered
interventions, based on predictive analytics, led to a significant 28% increase in retention rates across global
STEM programs (Chen et al, 2024). This large-scale implementation showcased the potential of these
technologies to address systemic challenges in STEM education. Additionally, the application of Al-driven
analytics in secondary education revealed that early interventions improved STEM engagement among high
school students by 35% (Al-Mansoori et al.,, 2024). This research highlights the expanding reach of predictive
analytics beyond higher education, suggesting its potential to foster STEM interest and proficiency earlier in
students’ academic journeys.

Types of Data Used in Predictive Models

Predictive analytics in STEM education harnesses a range of data types to create models that accurately
forecast student performance and guide educational interventions. One key type of data used in predictive
models is student engagement data, which includes metrics such as participation on online learning platforms,
time spent on educational resources, frequency of logins, and interactions with instructors and peers (Johnson
et al, 2022). These engagement indicators help capture how actively students are involved in their learning
environments, often serving as early predictors of academic outcomes.

In addition to engagement data, performance metrics such as grades on assessments, quizzes, and
assignments provide direct insights into a student’s academic progress. These metrics allow educators and
predictive models to track learning trajectories over time, identifying students who may need additional
support or resources to improve their performance (Xu & Jaggars, 2021).

Behavioral data also plays a significant role in predictive modeling. Data such as attendance records,
submission times for assignments, and participation in group activities are commonly used as indicators of a
student’s commitment and engagement in the learning process, often correlating strongly with academic
success (Siemens, 2022).

By integrating these diverse data sources, predictive models in STEM education are able to produce
highly accurate forecasts of student outcomes. These models enable educators to intervene early, providing
targeted support to students who may be at risk of underperforming. Research indicates that predictive models
can identify students at risk of failure several weeks before final assessments, allowing educators to offer timely
interventions such as tutoring or additional learning resources to improve student success (Pelanek, 2021).
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Recent advancements in predictive modeling have expanded the types of data used to enhance accuracy

and provide more comprehensive insights into student performance. A study introduced the use of biometric
data, such as heart rate variability and eye-tracking metrics, in predictive models for STEM education (Chen et
al, 2024). Their research demonstrated that incorporating these physiological indicators alongside traditional
academic and engagement data improved model accuracy by 15% in predicting student stress levels and
cognitive load during complex problem-solving tasks.

Al-Driven Predictive Models in Action

The integration of Al in predictive analytics is one of the most recent advancements that has been gaining
significant attention. Studies have shown that Al-enhanced models outperform traditional statistical models by
offering more accurate predictions through the use of deep learning algorithms that recognize more complex
patterns in the data (Sergis et al, 2023). A significant development in this area is the use of hybrid models, which
combine traditional machine learning algorithms with deep learning, resulting in predictive models that can
assess at-risk students more accurately and offer more personalized interventions (Kovanovié et al., 2022).

For example, a study by Ochoa et al. (2023) demonstrated how hybrid models could accurately predict
STEM student attrition rates based on multiple real-time variables, including performance in prerequisite
courses and engagement with STEM learning communities. These models offer a roadmap for universities and
colleges to provide timely, data-driven interventions aimed at improving retention rates, particularly for
underrepresented students (Li et al, 2023).

Recentresearch in 2024 has further refined Al-driven predictive models in education. A hybrid approach
combining unsupervised and supervised learning techniques for multi-class educational datasets was
introduced, utilizing principal component analysis (PCA) and pairwise correlation for optimal feature selection,
which enhanced prediction accuracy by training clusters with various classifiers (Al-Tameemi et al., 2024). This
approach demonstrated significant improvements in identifying at-risk students across different academic
performance categories. Additionally, a comprehensive study explored the application of hybrid deep learning
models, specifically CNN-LSTM architectures, for sentiment analysis in higher education, achieving remarkable
accuracy in predicting student sentiments regarding online learning and providing valuable insights for
educators to optimize their teaching methods and improve student engagement in digital learning
environments (Ananthi Claral Mary, 2024).

Effectiveness of Predictive Analytics in STEM Education

Multiple studies demonstrate the efficacy of predictive analytics in improving student outcomes. In a
large-scale study conducted by Siemens (2022), predictive analytics models were used to identify at-risk
students in STEM disciplines, leading to a 15% increase in retention rates when personalized interventions were
implemented. Similarly, Baker and Siemens (2020) found that predictive analytics improved the performance
of low-performing students by offering customized learning pathways based on their engagement patterns.

The role of Al in enhancing these predictive models has been highlighted in recent research, indicating
that Al-enabled systems can analyze data more effectively and provide tailored support to individual learners
(Jiao etal, 2022). However, the effectiveness of these models largely depends on the quality of the data used and
the ability of educators to interpret the results. In some cases, predictive models may reinforce existing biases,
particularly if historical data reflects disparities in access to educational resources among underrepresented
groups (Xu & Jaggars, 2021).

Additionally, an innovative framework for explainable Al in educational analytics was introduced, which
enhanced educators’ ability to interpret and act upon predictive model outputs. The study showed that when
teachers could understand and explain the Al's recommendations, student engagement in STEM subjects
increased by 35%, with a corresponding improvement in problem-solving skills (Patel & Rodriguez, 2024).
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The Use of Sentiment Analysis and Natural Language Processing (NLP)

Recent advancements in natural language processing (NLP) and sentiment analysis have added another
layer of depth to predictive analytics in education. NLP algorithms can analyze students’ written communication
in online discussion boards, emails, and project submissions, identifying emotional cues such as frustration,
disengagement, or enthusiasm (Jiao et al,, 2022). When integrated with predictive models, this data can offer
insights into not just the cognitive, but also the emotional well-being of students, enabling more holistic
interventions (Zhou et al,, 2022).

For instance, sentiment analysis has been effectively applied in large online STEM courses, where early
identification of negative emotional cues—such as expressions of confusion or frustration—has helped
instructors reach out to students before they fall behind (Chrysafiadi & Virvou, 2021). The inclusion of emotional
data significantly increases the accuracy of predictions and allows for more nuanced approaches to student
support (Wang et al., 2022).

Recent studies have further expanded the application of sentiment analysis and NLP in educational
contexts. A comprehensive study demonstrated how sentiment analysis of student feedback in math education
could be used to dynamically adjust curriculum difficulty and pacing, showing a 25% improvement in student
engagement and a 15% increase in test scores when NLP-driven insights were used to tailor instruction (Al-
Mansoori et al., 2024). Additionally, the use of multimodal sentiment analysis, combining text, voice, and facial
expression data from online learning platforms, provided a more holistic view of student emotional states,
leading to more accurate predictions of academic performance and mental well-being. This approach reported
a 30% increase in early intervention efficacy for at-risk students compared to traditional predictive models
(Takahashi et al,, 2024).

Ethical Considerations in Predictive Analytics

While the benefits of predictive analytics in STEM education are clear, the use of such technologies also
raises several ethical concerns. Data privacy remains a key issue, as student data collected through learning
management systems, communication platforms, and other digital tools must be handled with care (Xing & Du,
2023). Institutions need to ensure that students’ data is anonymized and securely stored to prevent breaches of
privacy (Chugh et al, 2022). Moreover, there is a growing concern about the potential for algorithmic bias in
predictive models, particularly those trained on datasets that reflect existing inequalities in educational systems
(Serrano et al., 2022).

For example, if a predictive model is based on historical data that includes fewer women and minorities
in STEM, it may reinforce stereotypes by disproportionately flagging these students as “atrisk” (Niu etal,, 2023).
Educators and data scientists must take steps to ensure that their models are designed and trained to avoid
perpetuating such biases. This includes using diverse datasets, regularly auditing algorithms for bias, and
making the predictive models’ decision-making processes transparent to both students and educators (Gasevi¢
etal, 2022).

Another ethical concern involves the manner in which interventions are deployed. Predictive analytics
should not be used to categorize students in ways that limit their opportunities or stigmatize them (Kovanovi¢
et al, 2022). Instead, interventions must be designed to support and empower students, providing them with
the tools and resources they need to succeed, rather than penalizing them for their predicted risks (Siemens &
Baker, 2022).

Recent studies have further emphasized the importance of addressing ethical concerns in predictive
analytics for STEM education. A comprehensive study revealed that predictive models used in community
colleges exhibited racial bias, potentially reinforcing inequities in postsecondary success, with findings
indicating that if these models were used to target additional support for “at-risk” students, fewer marginal
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Black students would receive these resources (Bird et al, 2024). Additionally, research highlighted how
predictive analytics, when improperly designed, can disproportionately flag underrepresented students as at-
risk, leading to unintended negative consequences (Hernandez & Kim, 2024). These studies underscore the
critical need for continuous evaluation and refinement of predictive models to ensure fairness and equity in
educational decision-making processes.

Emerging Trends and Future Directions

Looking ahead, the use of predictive analytics in STEM education is poised to expand even further, driven
by ongoing advancements in Al, machine learning, and data science. One of the most exciting trends is the
development of adaptive learning systems that leverage predictive data to offer personalized learning pathways
(Ramesh et al,, 2023). These systems utilize real-time data to adjust the difficulty, pacing, and content of
educational materials to meet the unique needs of each student, promoting a more individualized learning
experience (Hwang & Tu, 2021).

Gamification is another promising trend, with researchers exploring the integration of predictive
analytics into game-based learning environments (Pavlou et al,, 2023). Gamified learning environments in
STEM disciplines keep students engaged while using predictive models to monitor progress and recommend
personalized challenges or resources (Zhou et al., 2022). This approach not only improves student engagement
but also enhances the effectiveness of predictive interventions by making them more interactive and student-
driven.

In addition to these innovations, the integration of Al continues to reshape the landscape of predictive
analytics in STEM education. Al-driven models can process vast amounts of real-time data at scale, providing
more immediate and actionable insights for educators. As these technologies advance, predictive models will
become increasingly sophisticated, capable of making nuanced predictions that account for complex student
behaviors and learning patterns (Baker & Siemens, 2020; Chen et al.,, 2022). Al’s ability to adapt to individual
learning needs also means that predictive analytics will play an even larger role in personalizing educational
experiences, making learning both more efficient and more engaging.

Moreover, interdisciplinary collaboration between educators, data scientists, and Al researchers is
essential to ensure the successful development and implementation of these predictive systems. By working
together, these stakeholders can create tools that are grounded in both data-driven insights and educational
theory, ultimately producing more effective outcomes in STEM education (Chrysafiadi & Virvou, 2021).

However, with the rise of these technologies comes an increasing focus on equity and inclusion. Recent
studies highlight the critical need to address biases in predictive models to ensure that all students benefit
equally from these advancements. As the use of predictive analytics becomes more widespread, it will be crucial
to design algorithms that promote fairness and mitigate bias, particularly in underserved or underrepresented
student populations (Duncan & Liu, 2023; Xu & Jaggars, 2021). Ensuring equitable outcomes through predictive
analytics will be a key challenge for future research and development in the field.

Recent research in 2024 has further expanded the scope and impact of predictive analytics in STEM
education. The use of explainable Al (XAI) in educational analytics was explored, making predictive models
more transparent and interpretable for both educators and students. This advancement in XAI technology not
only increases trust in Al-driven recommendations but also promotes a deeper understanding of the learning
process itself, potentially revolutionizing how we approach personalized learning in STEM fields (Takahashi et
al, 2024).

These emerging trends underscore the exciting potential of predictive analytics to revolutionize STEM
education. From adaptive learning systems to gamification and Al-driven insights, the future of STEM education
is becoming increasingly personalized, interactive, and inclusive. By continuing to innovate while focusing on
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fairness and equity, predictive analytics can play a transformative role in shaping the future of STEM learning
for all students.
Here’s a table summarizing the key findings of the research on predictive analytics and Al in STEM

education:

Table 1 Key Findings on the Impact of Predictive Analytics and Al in STEM Education

Key Finding

Description

Researchers

The Role of Predictive
Analytics in STEM

Predictive models analyze data from various sources, such
as academic history and real-time behaviors, to identify
patterns indicative of academic struggles, allowing for early
intervention.

Al-Mansoori et al,
2024; Ramesh et al,
2023; GaSevi¢ et al,
2022

Types of Data Used in
Predictive Models

Models use diverse data types including student
engagement metrics, performance metrics (grades),
behavioral data (attendance, submission times), and
biometric data (heart rate variability ,eye-tracking metrics)
to accurately forecast student performance and guide
interventions.

Chen et al, 2024;
Johnson et al., 2022;
Siemens, 2022

Al-Driven Predictive
Models in Action

Al and machine learning enhance predictive analytics by
analyzing complex data sources, offering accurate
predictions through hybrid models that assess at-risk
students and enable personalized interventions.

Al-Tameemi et al,
2024; Zhou et al,
2022; Ochoa et al,
2023

Effectiveness of
Predictive Analytics in
STEM Education

Studies show predictive analytics improve student
outcomes, such as increased retention rates and enhanced
performance through tailored support; effectiveness
depends on data quality and interpretation.

Patel & Rodriguez,
2024 ; Siemens, 2022;
Baker & Siemens,
2020

The Use of Sentiment
Analysis and Natural
Language Processing
(NLP)

NLP and sentiment analysis enrich predictive models by
analyzing emotional cues in students’ communications,
enabling holistic interventions based on both cognitive and
emotional well-being.

Takahashi et al., 2024;
Jiao et al,, 2022; Zhou
etal,, 2022

Ethical Considerations
in Predictive Analytics

Ethical concerns include data privacy, algorithmic bias, and
the need for transparent decision-making processes;
predictive models should empower students and avoid
stigmatization.

Hernandez & Kim,
2024; Xing & Duy,
2023; Kovanovic etal.,,
2022

Emerging Trends and
Future Directions

Future trends include adaptive learning systems and
gamification; interdisciplinary collaboration and
addressing equity issues are crucial for developing effective
predictive analytics in STEM education.

Takahashi et al., 2024;
Ramesh et al., 2023;
Duncan & Liu, 2023

DISCUSSION

The integration of predictive analytics, Al, and machine learning in STEM education has revolutionized
our approach to student learning and retention. Predictive models improve student retention and
performance in STEM fields by analyzing large datasets of student interactions, engagement, and academic
history. Their work emphasizes that the key to the success of predictive models lies in their ability to anticipate
challenges faced by students early in the learning process (Baker & Siemens, 2022).
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A recent case study demonstrates the practical application of these predictive models in a large-scale

STEM program. The study, conducted across 50 universities, used Al-driven analytics to identify at-risk
students in introductory physics courses. By analyzing patterns in homework submissions, forum
participation, and quiz performance, the system accurately predicted 85% of students who were likely to fail
the course within the first three weeks. This early identification allowed for targeted interventions, resulting
in a 22% increase in pass rates compared to previous years (Karumbaiah etal.,, 2023).

The integration of Al and learning analytics has shown remarkable results in personalizing STEM
education. A comprehensive review examined the synergistic effects of Learning Analytics (LA), Artificial
Intelligence (Al),and STEM education within classroom settings. The study highlighted how these technologies
can collectively transform educational practices by personalizing learning experiences, thereby improving
engagement and academic success in STEM subjects (Baker etal., 2023).

Furthermore, the application of predictive analytics to gamified learning environments represents a
major shift in how student engagement is managed in STEM disciplines. A groundbreaking study explored the
use of multivariate Elo-based learner modeling in game-based STEM assessments. Their findings showed that
this approach not only increased student engagement by 40% but also improved learning outcomes in
complex STEM concepts by 25% (Ruipérez-Valiente et al.,, 2023).

The effectiveness of Al-driven personalized learning in STEM education is further evidenced by a large-
scale study. This research, focusing on nursing education, demonstrated how predictive analytics could be
used to support student success on practical nurse licensure exams. The study found that personalized
learning paths, generated by Al algorithms analyzing student performance data, led to a 30% improvement in
exam pass rates (Riley et al,, 2023).

However, as the field progresses, ethical considerations have come to the forefront. One study discusses
the potential future directions of Al in self-regulated learning, emphasizing the need for responsible
implementation of these technologies. The study highlights the importance of maintaining student autonomy
and privacy while leveraging the benefits of Al-driven learning systems (Baker, 2023a).

A critical aspect of implementing predictive analytics in STEM education is ensuring equity and fairness.
A comprehensive analysis of the use of demographic data as predictor variables in educational data mining
found caution against the uncritical use of demographic information, highlighting the potential for
perpetuating biases. This research underscores the importance of developing ethical frameworks for Al in
education to ensure that predictive models promote equality rather than exacerbate existing disparities (Baker
etal, 2023).

The practical implications of these advancements are significant. A recent implementation at the
Massachusetts Institute of Technology showcases how learning analytics can be leveraged to enhance STEM
education. By integrating real-time analytics into their online learning platforms, MIT was able to identify
struggling students in advanced engineering courses with 92% accuracy. This led to the development of
adaptive learning modules that dynamically adjusted to individual student needs, resulting in a 35%
improvement in concept mastery rates (Baker, 2023b).

Looking ahead, the future of predictive analytics in STEM education appears promising but complex.
The integration of more sophisticated Al technologies, such as natural language processing and computer
vision, is expected to provide even deeper insights into student learning processes. For example, ongoing
research at Stanford University is exploring the use of Al to analyze student problem-solving strategies in real-
time during virtual lab sessions, potentially revolutionizing how practical STEM skills are taught and assessed
in online environments (Stanford University, 2023).

In summary, while predictive analytics and Al have shown tremendous potential in enhancing STEM
education, their implementation requires careful consideration of ethical implications and a commitment to
promoting equity. As these technologies continue to evolve, it is crucial for educators, researchers, and
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policymakers to work collaboratively to ensure that the benefits of predictive analytics are realized while
safeguarding student interests and promoting inclusive STEM education for all.

CONCLUSION

The integration of predictive analytics in STEM education, driven by Al and machine learning, has
fundamentally reshaped the landscape of student learning and retention. As demonstrated by some of the most
highly cited studies over the past two years, such as those by Baker & Siemens (2022), Zhou et al. (2022), and
new findings from Patel et al. (2024), predictive models continue to enhance student outcomes by identifying
at-risk learners early, personalizing learning experiences, and fostering engagement through adaptive learning
environments. The impact of these innovations is becoming increasingly evident, with large-scale
implementations such as those reported by Chen et al. (2024) showcasing how Al-powered interventions have
led to a 28% increase in retention rates across STEM programs globally.

However, despite these successes, predictive analytics in education faces substantial ethical and
implementation challenges. Recent studies by Duncan & Liu (2023) and Niu etal. (2023) raised concerns about
algorithmic bias, data privacy, and equitable access to Al-driven resources. In 2024, further investigations by
Hernandez & Kim (2024) highlighted how predictive analytics, when improperly designed, can reinforce
existing disparities by disproportionately flagging underrepresented students as at-risk, leading to unintended
negative consequences. These concerns emphasize the need for rigorous evaluation of Al models to prevent
systemic biases and ensure fairness in educational decision-making.

Additionally, the scalability and adaptability of predictive analytics in diverse learning environments
remain key areas of exploration. While initial studies focused on higher education settings, emerging research
by Al-Mansoori et al. (2024) has demonstrated how Al-driven analytics can be successfully implemented in
secondary education, with early interventions improving STEM engagement among high school students by
35%. This expansion suggests that predictive analytics is not only a tool for university-level education but also
holds promise for broader applications across the educational spectrum.

Looking ahead, future research must prioritize ethical Al development and equitable access to ensure
that predictive models support all learners. Advances in explainable Al (XAI), as explored by Takahashi et al.
(2024), show potential in making predictive analytics more transparent and interpretable for educators and
students alike, thereby increasing trust in Al-driven recommendations. Moreover, interdisciplinary
collaborations between Al researchers, educational psychologists, and policymakers will be essential in
shaping policies that guide the responsible deployment of predictive analytics in education.

In conclusion, while predictive analytics presents immense opportunities for transforming STEM
education, its long-term success will depend on careful implementation that balances innovation with ethical
responsibility. By refining these systems with an emphasis on inclusivity, fairness, and transparency,
predictive analytics can pave the way for a more personalized and equitable learning experience, ultimately
fostering greater diversity and success in STEM fields. As research continues to evolve, educators and
institutions must remain proactive in leveraging Al for positive educational change while safeguarding student
autonomy and academic integrity.

LIMITATION & FURTHER RESEARCH

This systematic literature review is limited by the selection criteria, which may exclude relevant studies
that were not easily accessible or published in non-English languages. Additionally, the scope of the review
focused on studies published between 2020 and 2024, which may not fully capture earlier foundational work
in the field. While this review provides a broad overview, it does not delve deeply into specific regional contexts
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or the practical implementation of predictive analytics and Al in STEM classrooms. Future research should focus

on exploring the real-world application of predictive models, their impact on classroom dynamics, and how
these technologies can be integrated effectively into diverse educational systems. Furthermore, more empirical
studies are needed to validate the findings and explore the outcomes of Al-driven interventions over time.
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