International Theory and Practice in Humanities
and Social Sciences
P 2025 Volume2,Issue2 ISSN 3078-4387
WISYORA

Enhancing Student Learning Outcomes through Al-Driven Educational
Interventions: A Comprehensive Study of Classroom Behavior and

Machine Learning Integration

ChunHong Yuan',Nan Xiao%,YuTing Pei®, YuJia Bu*,YuLe Cai °

'Department of Pre-Engineering,Kazan (Volga region) Federal University, Russia
2 Department of Education, Zhejiang Normal University, Jinhua City, China
3 Department of journalism, Kazan (Volga region) Federal University, Russia
* Department of Pre-Engineering,Kazan (Volga region) Federal University, Russia
3 Peter the Great Saint-Petersburg Polytechnic University Preparatory Department, Russia

Article Info Abstract
This study investigates the integration of artificial intelligence (Al) in education
Accepted:29 December 2024 to enhance student learning outcomes through personalized interventions.
Using datasets encompassing classroom behavior, individualized learning
Keywords: paths, and teaching practices, the study identifies key factors influencing

student engagement and performance. Employing the XGBoost classifier, it
achieves a 96% accuracy in predicting student outcomes, enabling targeted
Education; Personalized support for at-risk students. A mixed-methods approach reveals the importance
of engagement, effective teaching, and personalization in fostering inclusive
learning environments. Despite limitations, such as controlled settings and lack
of longitudinal data, this research underscores the transformative potential of
Al in creating equitable educational opportunities. Future studies should
Corresponding Author: explore scalability, long-term effects, and diverse Al techniques to maximize

ChunHong Yuan benefits.

Artificial Intelligence in

Learning; Machine Learning

in Education

Copyright 2025 by author(s)
This work is licensed under the
CCBYNC4.0

EV MG

http://doi.og/10.70693/itphss.V2i2‘2 16

1. Introduction

The rapid advancement of artificial intelligence (AI) technologies has significantly impacted
various sectors, including education(Aldeman et al., 2021). Al offers transformative opportunities for
enhancing learning experiences, personalizing education, and improving student outcomes(Ando,
Cousins, & Young, 2014). With the increasing availability of educational data, machine learning
models can be employed to provide insights into student behavior, predict academic performance,
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and recommend targeted interventions. Despite the growing interest in Al-driven educational tools,
there remains a gap in understanding how these technologies can be effectively integrated to foster
personalized learning and support students at risk of poor performance(Bennett, 2011).

Existing research has predominantly focused on the technological capabilities of Al without fully
addressing its practical application in diverse educational environments. There is a need for studies
that explore not only the technological aspects of Al but also the pedagogical strategies required to
utilize these tools effectively in real-world classroom settings. Furthermore, while Al has shown
promise in identifying students at risk, challenges related to scalability, adaptability, and the nuanced
impact of Al interventions on student engagement remain underexplored(Black et al., 2011).

This study aims to bridge these gaps by examining the application of machine learning,
specifically the XGBoost classifier, to predict student outcomes and provide personalized support.
By utilizing various datasets related to classroom behavior, personalized learning paths, and teaching
practices, this research seeks to identify key factors that influence student engagement and
performance. The goal is to develop a framework for integrating Al-driven tools into educational
practices, thereby enhancing learning outcomes and promoting equitable opportunities for all
students.

The contributions of this study are twofold. First, it demonstrates the effectiveness of Al in
predicting students at risk of poor performance, providing a foundation for targeted interventions.
Second, it provides qualitative insights into the factors affecting student engagement and learning,
offering practical recommendations for educators to foster more adaptive and supportive learning
environments. Ultimately, this research aims to contribute to a more comprehensive understanding of
how AI technologies can be employed to support personalized and equitable learning experiences,
meeting the diverse needs of students in contemporary education(Braun & Clarke, 2006).

2. Conceptual Framework

2.1.Core Components of Al Integration in Education

The conceptual framework for this study is built around the integration of artificial intelligence
(Al) in personalized learning environments to enhance educational outcomes. It focuses on three core
components: student engagement, personalized learning paths, and effective teaching practices.
These components interact to create a holistic understanding of how Al can support diverse
educational needs and foster student success(Buck & Trauth-Nare, 2009).

Student engagement is a critical factor in determining learning outcomes. In this study,
engagement is conceptualized as the level of interest, motivation, and participation demonstrated by
students during their learning process(Chiu, 2021). Al-driven tools, such as machine learning models,
can be used to monitor engagement levels by analyzing data such as participation in activities,
responsiveness to teaching methods, and overall performance. High engagement is associated with
better learning outcomes, and Al's ability to identify disengaged students early on allows for timely
intervention(Chiu & Chai, 2020).

Personalized learning paths are designed to cater to the individual needs, preferences, and
learning pace of each student. Al plays a crucial role in facilitating personalization by analyzing
student data to create tailored learning experiences. By providing targeted content and support, Al
helps bridge learning gaps and ensures that all students progress according to their capabilities(Chiu
et al., 2022). The framework emphasizes that personalization is not only about content delivery but
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also about adapting the learning process to support diverse student needs effectively(Chiu,
Moorhouse, Chai, & Ismailov, 2023a).

Effective teaching practices form the third core component of the framework. The role of Al is
not limited to supporting students; it also assists educators in refining their teaching methods. By
providing insights into student performance and identifying which teaching strategies work best, Al
empowers educators to make data-driven decisions about lesson planning, feedback, and intervention
strategies. The framework includes differentiated instruction, adaptive lesson planning, and timely
feedback as essential teaching practices that are enhanced through Al integration(Chiu, Xia, Zhou, &
Chai, 2023).

2.2.Integration of Al for Predictive and Supportive Interventions

At the center of this conceptual framework is the integration of Al to enhance the interplay
between student engagement, personalized learning, and teaching practices. Machine learning
models, particularly the XGBoost classifier used in this study, provide predictive insights into
student performance. This allows educators to identify students at risk of poor performance and offer
targeted, data-driven interventions(Cooper, 2023). The integration of Al is aimed at creating a
responsive and adaptive learning environment that addresses individual needs while promoting
equitable educational opportunities.

The framework draws upon theories of personalized learning and differentiated instruction to
provide a theoretical basis for Al integration. Personalized learning theory emphasizes tailoring
educational experiences to meet the needs of each student, while differentiated instruction involves
modifying teaching methods to accommodate varying abilities. By combining these theories with
Al-driven analysis, the conceptual framework aims to enhance the effectiveness of educational
practices(Costa-Mendes et al., 2021).

In summary, the conceptual framework for this study integrates Al into personalized learning
environments to improve student engagement, facilitate individualized learning paths, and enhance
teaching practices. By focusing on these core components, the framework provides a comprehensive
approach to understanding how Al can be leveraged to support diverse learners and improve
educational outcomes(Cross Francis, Tan, & Nicholas, 2019).

3. This study and method

This study explores the integration of artificial intelligence in education to enhance learning
outcomes. By utilizing various datasets related to classroom behavior, personalized learning, and
teaching processes, the study aims to identify key factors influencing student engagement and
performance. Machine learning techniques, including the XGBoost classifier, were employed to
predict student outcomes and recommend interventions(Cukurova, Luckin, & Kent, 2020).

3.1.Research Gap and Goal

Although artificial intelligence has been increasingly adopted in educational settings, there
remains a significant gap in understanding the nuanced effects of Al-driven interventions on student
engagement and learning outcomes. Existing research often focuses on the technological capabilities
of Al without fully addressing how these tools can be effectively integrated to support personalized
learning in diverse educational environments. Furthermore, the practical implementation of Al-based
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models to predict and support at-risk students has not been adequately explored, particularly
concerning the scalability and adaptability of such interventions across different educational
contexts(Dillon, Chang, Rondeau, & Kim, 2019).

The primary goal of this study is to address these gaps by examining the application of machine
learning models, specifically the XGBoost classifier, to identify students at risk of poor academic
performance. This research aims to develop a framework for utilizing Al to provide personalized
learning support, thereby enhancing the overall effectiveness of educational practices. By bridging
this gap, the study seeks to contribute to a more comprehensive understanding of how Al
technologies can be employed to foster equitable and individualized learning opportunities,
ultimately supporting diverse student needs and improving educational outcomes(Dwivedi et al.,
2023).

3.2.Participants and Data Collection

The participants of this study included 1,000 students from five different middle schools. Data
collection was conducted through a combination of classroom observations, surveys, and digital
learning records. The data supports open source sharing and can be obtained by contacting the
corresponding author directly. When we collected the data set, we collected it for input, so we did
not process it.The data gathered represents various aspects of student learning, engagement, and
performance. Specifically, the data sources included:

Classroom and Learning Behavior Data: Captured student engagement scores, teaching
activity design, and teacher feedback during classroom sessions.

Personalized Student Data: Represented individualized learning paths, including preferences
for specific educational content and engagement levels with different learning activities.
Questionnaire and Interview Data: Collected qualitative insights from students about their
learning experiences, challenges faced, and general attitudes toward their educational
journey.

Teaching Process Data: Evaluated the different teaching strategies employed by teachers and
their impact on student learning performance.

Student Learning Performance Data: Included test scores, homework assessments, and
participation levels across various subjects.

These data were collected through direct observation, teacher evaluations, and student feedback
to ensure a comprehensive understanding of the educational environment. The use of diverse data
sources allowed for a more robust analysis of student learning processes and the factors that
influence academic success(Fu, Gu, & Yang, 2020).

Table 1: Features Used for Student Outcome Prediction.

Feature Name Description Role in Prediction
Engagement Scores Quantitative measures of Indicator of overall
student participation in engagement and likelihood
classroom activities. of academic success.
Teaching Activity Design Details on how teaching Helps understand the impact
sessions were structured, of teaching methods on
including instructional student performance.
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Teacher Feedback

Individual Learning Paths

Survey Responses

Interview Insights

Teaching Strategies

Performance Metrics

methods.

Ratings and comments from

teachers regarding student

behavior and comprehension.

Data on specific learning
activities preferred by each
student.

Insights into student
attitudes, motivation, and
perceived barriers to
learning.
Qualitative data from
interviews about learning

experiences and challenges.

Data on teaching methods
and their observed
effectiveness.

Test scores, homework
completion rates, and
participation metrics.

Provides qualitative insights
into student understanding
and engagement.

Used to personalize
predictions based on learning
preferences.

Helps in identifying students
at risk of disengagement.

Supports understanding of
specific challenges faced by
students.
Analyzes the relationship
between teaching practices
and student outcomes.
Primary indicators of
academic performance and
learning success.

The features ultimately selected for prediction are summarized in Table 1. Features Used for
Student Outcome Prediction. These features were chosen based on their relevance to critical aspects
of student engagement and performance. Specifically, engagement scores, teaching strategies,
teacher feedback, individual learning paths, and performance metrics were included because they
provide comprehensive insights into students' academic behaviors and potential areas for
improvement. The integration of quantitative metrics, such as engagement scores and performance
metrics, along with qualitative insights, such as teacher feedback and survey responses, enabled the
model to accurately identify students at risk and suggest appropriate interventions, thereby
supporting the goal of personalized and effective learning(Fung, 2014).

3.3 Data Analysis

The data analysis for this study followed a systematic and detailed approach to extract
meaningful insights from the collected datasets.
3.3.1 Hybrid Inductive and Deductive Thematic Analysis

The study adopted a hybrid inductive and deductive thematic analysis approach, inspired by
Braun and Clarke's method (Braun & Clarke, 2006), to summarize the key features across the
datasets. Unlike other studies involving multiple researchers, the entire process was conducted by a
single researcher to ensure consistency and coherence in coding and theme generation. This hybrid
approach allowed the researcher to both follow predefined themes and let new patterns emerge
organically from the data. Thematic analysis facilitated the identification of differences and
similarities in student behavior and teacher practices, providing valuable insights for the
development of interventions. The following steps were taken to conduct the thematic analysis:
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Step 1: Data Familiarization: The researcher thoroughly reviewed all survey and interview
data to become familiar with the content. Initial codes were generated using a conceptual
framework aligned with the research goals.
Step 2: Generating Themes: The researcher annotated the data and generated initial themes
and subthemes based on the coding process.
Step 3: Reviewing Themes: A cyclical process was used to refine themes, where the
researcher reviewed and revised the themes until they accurately represented the data.
Step 4: Naming Themes: The finalized themes were named and defined to ensure they were
meaningful and aligned with the study's research questions.

3.3.2 Quantitative Data Processing and Model Development

The quantitative data, including engagement scores, participation levels, and learning
performance metrics, were preprocessed to ensure consistency and reliability. The preprocessing
involved handling missing values through mean and mode imputation for numerical and categorical
data, respectively, feature scaling using standardization for effective comparison and model
convergence, and balancing class distribution using the Synthetic Minority Over-sampling
Technique (SMOTE) to generate synthetic examples of the underrepresented class.

Following preprocessing, the XGBoost classifier was chosen for its robustness and capability to
handle large, complex datasets effectively. Feature selection focused on the most relevant features,
such as engagement scores, teacher feedback, and individualized learning paths, based on their
correlation with learning outcomes. The XGBoost classifier was then trained on the preprocessed
dataset, with hyperparameter tuning conducted using grid search to identify the optimal
configuration for model performance.

3.3.3 Model Evaluation, Insights, and Recommendations

The model was evaluated using multiple metrics, including accuracy, precision, recall, and F1
score, to assess its predictive performance, particularly its ability to correctly identify at-risk students.
A confusion matrix was also used to provide a detailed understanding of the model's strengths and
weaknesses by illustrating the number of true positives, false positives, true negatives, and false
negatives.

The insights derived from the thematic and machine learning analyses highlighted several key
factors affecting student performance, such as the importance of engagement and individualized
learning strategies. These findings informed recommendations for tailored interventions aimed at
enhancing student learning outcomes. Teachers were encouraged to use data-driven approaches to
provide personalized support to students identified as at risk.

The data analysis methods applied in this study—spanning thematic analysis, data preprocessing,
machine learning model development, and evaluation — contributed to building a comprehensive
framework for understanding and improving student learning experiences through Al-driven
techniques.

4. Results and Analysis

In this section, the findings of the machine learning model and thematic analysis are presented,
offering both quantitative and qualitative insights. The results focus on interpreting the impact of
Al-driven models on student learning outcomes, as well as guiding educational interventions.
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4.1 Quantitative Results

The XGBoost model was applied to predict student outcomes based on features such as
engagement scores, teaching feedback, and personalized learning paths. The dataset, which contains
1000 rows and 15 features including test scores, participation scores, and engagement levels, was
divided into training, validation, and test sets with an 80-10-10 split. This ensures that the model is
trained with comprehensive data while retaining sufficient portions for validation and testing. This
split ensured that the model was trained on a substantial portion of the data while also having
sufficient data for validation and testing to evaluate its generalizability. The model's performance
was evaluated using several metrics, including accuracy, precision, recall, and F1 score, to
comprehensively assess its predictive capability. The model achieved an overall accuracy of 96%, as
shown in Table 1. The precision and recall values for both class labels were high, demonstrating the

model's effectiveness in identifying students at risk of poor performance.
Confusion Matrix for XGBoost Model

Not at risk

True label

At risk

Not at risk At risk
Predicted label

Precision-Recall Curve for XGBoost Model

0.96

Precision

Recall

Model Accuracy over Training Epochs

0.94
0.93

0.92

Accuracy

0.91

2 L 6 8 10
Epochs

Figure 1: Model Performance Overview
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To make the analysis more intuitive, visual representations such as accuracy plots,
precision-recall curves, and the confusion matrix were generated (Figure 1: Model Performance
Overview). These visuals help to illustrate the model's capability in distinguishing between different
categories of students.

Figure 1 presents an integrated performance overview of the XGBoost model used in this study,
including the confusion matrix, precision-recall curve, and model accuracy over training epochs.
This figure provides a comprehensive visual representation of the quantitative results.
® (Confusion Matrix:The confusion matrix highlights the model's ability to distinguish between

different student outcome categories. Out of 200 samples, the model correctly classified 192,

demonstrating a high level of accuracy. Specifically, the model accurately identified 157

students at risk and 35 students not at risk, with only 5 false negatives (students incorrectly

identified as not at risk) and 3 false positives (students incorrectly identified as at risk). This
indicates that the model effectively minimizes both types of classification errors, which is
crucial for accurately identifying at-risk students and providing targeted interventions.

® Precision-Recall Curve:The precision-recall curve illustrates the model's predictive performance
across varying levels of recall. As recall increases, precision gradually decreases, reflecting the
typical trade-off between precision and recall. However, the overall trend indicates that the
model maintains high precision even at high recall levels, suggesting that the model can
successfully identify most at-risk students without significantly increasing the number of false
positives. This balanced trade-off is essential for ensuring the accuracy of educational
interventions targeting at-risk students.

® Model Accuracy over Training Epochs:The model accuracy plot over training epochs shows
consistent improvement in accuracy, stabilizing at approximately 95% after the sixth epoch. This
suggests that the model converges effectively and does not suffer from overfitting, indicating
that the chosen hyperparameters and training strategy were successful in optimizing model
performance. Such convergence implies that the model has a strong generalization capability,
allowing it to maintain high predictive accuracy on unseen data.

The confusion matrix demonstrated the model's ability to distinguish between different categories
of students. Out of 200 samples, 192 were correctly classified, indicating a high level of accuracy
with minimal misclassifications. The use of the Synthetic Minority Over-sampling Technique
(SMOTE) during preprocessing was crucial for balancing the dataset, which significantly improved
the model's predictive performance.

4.2 Qualitative Insights from Thematic Analysis

The thematic analysis adopted a hybrid inductive and deductive approach to derive meaningful
themes from the collected data. This approach allowed for both a structured understanding based on
pre-existing concepts and the identification of new patterns emerging organically from the data. The
key themes identified are detailed in the following subsections.

4.2.1 Student Engagement

Student engagement emerged as a significant theme from the thematic analysis, reflecting its
critical role in determining learning outcomes. Engagement refers to the level of interest, curiosity,
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and involvement that students exhibit in the learning process. The analysis identified that students

who demonstrated higher levels of engagement consistently outperformed their less engaged peers in

academic assessments. Key factors influencing engagement included interactive teaching strategies,

student-centered learning environments, and positive teacher-student relationships.

® Interactive Teaching Methods: The analysis revealed that interactive teaching methods played a
pivotal role in enhancing student engagement. Activities such as group discussions, hands-on
projects, and the integration of technology in teaching were found to be effective in capturing
student interest and encouraging active participation. Teachers who employed these methods
were successful in maintaining high levels of student attention and motivation throughout
lessons.

® Positive Teacher-Student Interactions: The quality of interactions between teachers and students
was also found to significantly impact engagement. Teachers who provided consistent feedback,
showed empathy, and fostered a supportive classroom environment were able to enhance student
engagement. Personal attention and understanding individual student needs were highlighted as
key aspects of successful teacher-student interactions. Students felt more motivated to
participate and perform better academically when they perceived a positive and supportive
relationship with their teachers.

® Relevance of Learning Content: The relevance of the learning material to students’ real-life
experiences and future goals was another critical factor contributing to engagement. When
students could relate the learning content to practical situations or their personal interests, they
were more likely to engage actively. Incorporating real-world examples and providing context
that resonates with students was seen as an effective way to make the learning experience
meaningful.

® Recommendations for Enhancing Engagement: Based on these findings, it is recommended that
educators adopt more interactive and student-centered teaching strategies to foster higher
engagement levels. Creating a learning environment that promotes open communication,
supportive teacher-student relationships, and the use of relevant, real-life examples can
significantly enhance student engagement and, subsequently, improve academic performance.
These insights emphasize the importance of focusing on engagement as a key driver of student

success, and suggest that Al-driven tools could be leveraged to monitor and enhance engagement

levels in classrooms, thereby supporting more effective learning experiences.

4.2.2 Teaching Practices
Teaching practices emerged as a critical factor influencing student outcomes, as highlighted
through thematic analysis. The practices adopted by educators significantly shaped the classroom
environment and impacted the learning experience of students. The analysis identified several key
teaching strategies that contributed positively to student learning, including differentiated instruction,
timely feedback, and adaptive lesson planning.
® Differentiated Instruction: Differentiated instruction was found to be particularly effective in
addressing the diverse needs of students. Teachers who customized their teaching methods to
accommodate varying learning styles and abilities were better able to engage all students. This
approach included providing multiple options for students to explore the content, employing a
range of activities that catered to different strengths, and allowing students to demonstrate their
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understanding in different ways. Differentiation was especially helpful in ensuring that students
with different capabilities were not left behind and were able to achieve their learning objectives.
Timely Feedback: Providing timely and constructive feedback was identified as a key practice
for improving student performance. Teachers who provided regular feedback, both formative
and summative, were able to help students better understand their progress and identify areas for
improvement. Effective feedback was characterized by being specific, actionable, and
encouraging. Students benefited the most from feedback that helped them reflect on their work
and set clear, achievable goals for their next steps.

Adaptive Lesson Planning: Adaptive lesson planning was another critical aspect that contributed
to effective teaching practices. Teachers who adjusted their lesson plans in response to student
progress and feedback were able to create a more responsive learning environment. This
adaptive approach allowed teachers to address learning gaps promptly and ensure that the pace
of instruction matched students’ abilities. This was particularly important in maintaining
engagement and motivation, as students felt more confident when the content was taught at a
pace that was appropriate for their level of understanding.

Promoting Active Learning: Active learning techniques, such as group activities,
problem-solving exercises, and peer discussions, were also highlighted as effective teaching
practices. These techniques encouraged student participation and critical thinking, allowing
students to take an active role in their learning process. Teachers who promoted active learning
were successful in fostering a classroom culture that valued collaboration and inquiry, which in
turn contributed to better academic outcomes.

Recommendations for Enhancing Teaching Practices: To enhance student learning outcomes, it
is recommended that educators continue to employ differentiated and adaptive teaching
strategies, provide timely and specific feedback, and promote active learning environments.
Leveraging Al tools to assist in real-time monitoring of student progress and adapting lesson
plans accordingly could further improve the effectiveness of these teaching practices, ensuring
that instruction remains student-centered and responsive.

These findings underscore the significance of effective teaching practices in shaping the learning

environment. By adopting these strategies, educators can create a more inclusive and supportive
learning atmosphere that is conducive to student success.

4.2.3 Personalized Learning Paths

Personalized learning paths were identified as a significant factor in addressing the diverse needs

of students and enhancing learning outcomes. The analysis highlighted that when students followed
individualized learning plans tailored to their specific strengths, weaknesses, and preferences, they
demonstrated higher levels of engagement, motivation, and academic success. Personalized learning
emerged as an essential approach for fostering equity and inclusiveness in education.

206

Individualized Learning Plans: Students who followed individualized learning plans, which took
into account their unique learning styles and needs, were more successful in achieving their
educational goals. These plans were designed to provide targeted support where needed,
allowing students to progress at their own pace. Personalized learning plans helped to bridge
learning gaps, especially for those students who required additional support, ensuring that they
remained on track with their peers.

International Theory and Practice in Humanities and Social Sciences WWW.Wisvora.com


https://www.ojs.wisvora.com/index.php/itphss/index
http://www.wisvora.com

® Student Autonomy and Ownership: Providing students with autonomy over their learning
journey was found to significantly boost their motivation and engagement. Personalized learning
paths empowered students to take ownership of their learning, allowing them to set their own
goals and choose learning activities that best suited their interests and learning styles. This sense
of ownership translated into increased accountability, as students felt more responsible for their
own progress and achievements.

® Use of Technology for Personalization: Technology played a crucial role in enabling
personalized learning. Al-driven platforms and learning management systems were utilized to
gather data on student performance, preferences, and progress. This data was then used to create
personalized learning recommendations, enabling educators to deliver tailored content and
interventions. Students benefited from adaptive learning technologies that adjusted the difficulty
and pace of learning materials based on real-time assessment of their capabilities.

® Targeted Interventions for At-Risk Students: Personalized learning paths were particularly
effective in identifying and supporting at-risk students. The data-driven approach enabled early
identification of students who were struggling, allowing for timely and targeted interventions.

These interventions included one-on-one tutoring, additional practice exercises, and customized

feedback to address specific challenges faced by these students. The individualized support not

only improved academic performance but also boosted students' confidence in their ability to
succeed.

® Recommendations for Enhancing Personalized Learning: To further enhance personalized
learning, it is recommended that educators leverage Al and data analytics to continuously assess
student needs and adapt learning paths accordingly. Providing students with more control over
their learning and using technology to facilitate adaptive learning environments can significantly
improve educational outcomes. Additionally, fostering a culture that values individualized
attention and proactive support will help in meeting the diverse needs of all learners.

The insights from this analysis indicate that personalized learning paths are critical in supporting
diverse student needs and creating an inclusive learning environment. By using Al-driven tools to
facilitate personalization, educators can ensure that each student receives the support they need to
succeed, thereby enhancing overall educational effectiveness.

4.3 Combined Interpretation and Recommendations

The integration of quantitative and qualitative analyses provided a holistic understanding of the
factors affecting student learning outcomes. The XGBoost model effectively identified at-risk
students using key features such as engagement scores, personalized learning metrics, and teacher
feedback. Meanwhile, the thematic analysis offered deeper insights into the importance of student
engagement, effective teaching practices, and personalized learning paths. Together, these analyses
suggest that a multifaceted approach, which integrates predictive analytics with an understanding of
individual student experiences, is essential for enhancing educational outcomes.

Personalized learning emerged as a central strategy for addressing the unique needs of each
student. Leveraging Al to gather and analyze student data allows educators to implement tailored
interventions that significantly enhance engagement and learning outcomes. The accurate
identification of at-risk students by the XGBoost model provides an opportunity to implement
proactive personalized support, ensuring that no student is left behind. Personalized learning paths
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empower students to take ownership of their learning journey, thereby fostering greater motivation
and academic success.

Based on the combined findings, several recommendations are proposed to improve educational
outcomes through data-driven approaches. First, schools should integrate Al-driven tools that
monitor student progress and automatically adjust learning content to suit individual needs. Such
tools are instrumental in providing real-time insights into student performance, enabling educators to
make informed decisions about targeted interventions. Furthermore, promoting engagement-focused
teaching strategies is crucial. Educators should employ interactive and student-centered teaching
methods, such as group discussions, projects, and technology-assisted instruction, to enhance student
motivation and active participation.

The predictive capabilities of machine learning models like XGBoost should be harnessed to
identify students at risk of poor academic performance early on. Interventions such as one-on-one
tutoring, additional exercises, and personalized feedback can effectively bridge learning gaps.
Additionally, continuous assessment of student performance data should be conducted to identify
trends and adapt teaching practices accordingly. A combination of quantitative performance metrics
and qualitative feedback will ensure a comprehensive approach to improving educational quality.

Fostering an inclusive learning environment is key to supporting diverse student needs.
Personalized learning paths, combined with effective teaching practices, help ensure that each
student receives the support they need to succeed. Al-driven technologies can monitor student
progress and enable timely interventions, ultimately contributing to equitable educational
opportunities for all students.

An important finding of this study is the need for in-depth consideration of the adaptability of Al
educational tools in cross-cultural settings. Although the current study has demonstrated the
effectiveness of Al tools in specific contexts, it is important to take into account the specificities of
different cultural backgrounds and educational environments when promoting the use of Al tools.
Cultural differences can significantly affect the ways and effects of educational practices, which are
reflected in teaching methods, learning habits, teacher-student interaction patterns, etc. For example,
some cultures place more emphasis on teaching and learning. For example, some cultures place more
emphasis on collaborative learning, while others focus more on individual achievement; some
regional education systems favour standardised assessment, while others place more emphasis on
process-based assessment. These differences affect the practical application of Al educational tools.

At the same time, there are significant differences in the educational resources and technological
infrastructure of different regions. Some developed regions have well-developed digital teaching and
learning environments, while less developed regions may face the challenge of inadequate
infrastructure. Such differences require Al educational tools to be flexible and adaptable enough to
maintain their core functions under different technological conditions. Differences in language and
cultural communication styles are also an important consideration, as Al tools not only need to
support multilingual functionality, but also need to be able to understand and adapt to different
cultural modes of communication and educational philosophies.

In response to these challenges, future development of Al tools for education should adopt a
more inclusive approach. Firstly, cultural adaptability should be considered at the design stage to
develop culturally responsive Al systems. Second, technical solutions should be flexible enough to
adapt to resource levels and technical conditions in different regions. Third, in the process of tool
development, multicultural perspectives and needs should be actively absorbed to ensure the
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universality of the tools. Finally, a sound localisation framework should be established to help
different regions effectively apply Al education tools according to their own characteristics.

In addition, the study of cross-cultural adaptation should also become an important direction for
future research. More empirical studies are needed to verify the effectiveness of Al education tools in
different cultural contexts, and to optimise and improve the design of the tools based on the findings.
This continuous improvement process will help to create Al education solutions that are truly
globally applicable.

In conclusion, integrating machine learning with qualitative analysis provides a powerful
approach to enhancing student learning outcomes. By leveraging Al for predictive analysis and
incorporating qualitative insights into the learning process, educators can create more inclusive,
responsive, and effective learning environments. The recommendations provided aim to bridge the
gap between technology and pedagogy, ensuring that Al supports personalized and equitable
learning experiences for all students.

4.4 Implications for Future Research

The findings of this study underscore the potential of Al-driven approaches in enhancing
personalized learning and supporting at-risk students. However, several areas warrant further
research to maximize the impact of these interventions in diverse educational settings.

Firstly, future research should explore the scalability and adaptability of Al-based interventions
across different educational contexts. While the XGBoost model demonstrated high accuracy in
predicting student outcomes in this study, its application should be tested in other school settings
with varying demographics, resource availability, and cultural dynamics. Understanding the
generalizability of these models is critical for ensuring that Al-driven tools can be effectively
deployed on a larger scale.

Secondly, expanding the dataset to include more diverse student characteristics would help
improve the robustness and accuracy of predictive models. Additional data on student
socio-emotional factors, extracurricular involvement, and family background could provide a more
comprehensive view of the influences on learning outcomes. This would further enhance the
capability of Al models to identify at-risk students accurately and suggest effective interventions.

Thirdly, methodological improvements should be considered in future studies. Longitudinal
studies that track student progress over multiple academic years would provide valuable insights into
the long-term impact of personalized learning interventions. Moreover, incorporating more advanced
machine learning techniques, such as deep learning, could enhance the predictive power and
accuracy of models used to analyze complex educational datasets.

Finally, research should also focus on the practical challenges associated with the
implementation of Al-driven personalized learning tools. Understanding teachers' perspectives on the
integration of Al, including their training needs, perceived benefits, and potential barriers, will be
essential for developing effective professional development programs that support educators in using
these technologies.

while this study demonstrates the potential of Al to enhance personalized learning, future
research is needed to address questions related to scalability, data diversity, methodological
improvements, and implementation challenges. These efforts will be critical to ensuring that
Al-driven tools are effectively utilized to create inclusive, adaptive, and high-quality educational
environments that meet the diverse needs of all learners.
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5. Implications for education

5.1 Implications for practices

The findings of this study offer several implications for educational practices, particularly in
integrating Al-driven personalized learning to enhance student engagement and academic success.
The adoption of Al-driven tools in classrooms can significantly improve learning outcomes by
providing real-time insights into student progress. These insights allow educators to tailor learning
experiences to meet individual needs, enabling proactive intervention and ensuring that each student
receives personalized attention, which is crucial for bridging learning gaps and maintaining
motivation.

Effective integration of AI in education requires comprehensive teacher training and
professional development. Educators must be equipped with the necessary skills to use Al-driven
platforms effectively, including understanding how to interpret Al-generated insights and apply them
in their teaching practices to support differentiated instruction. It is important to emphasize the role
of Al as a supportive tool rather than a replacement for teachers, thereby ensuring that educators feel
comfortable using technology to enhance their instructional methods.

The study also underscores the importance of fostering a supportive classroom environment
through active and adaptive learning strategies. Teachers should continue to implement interactive
activities, such as group discussions and hands-on projects, to maintain high levels of student
engagement. Al-driven insights can support adaptive lesson planning, allowing educators to adjust
the pace and content of lessons based on real-time data, ensuring that students remain both
challenged and supported.

Student engagement is a key factor influencing learning outcomes, and educators should
prioritize building engaging learning environments that incorporate technology in meaningful ways.
Al can help identify patterns in student participation, enabling educators to refine their teaching
strategies to maximize engagement. Making learning activities relevant to students' interests further
helps maintain motivation and involvement.

Additionally, Al-driven tools can identify at-risk students early, allowing for timely
interventions such as one-on-one tutoring, additional resources, or customized feedback. This
proactive approach helps prevent students from falling behind and ensures that all students have an
equitable opportunity to succeed.

In summary, the integration of Al-driven tools into educational practices holds substantial
promise for enhancing student learning outcomes. By personalizing learning experiences, equipping
educators to effectively use Al, fostering active learning environments, and implementing timely
interventions for at-risk students, educational practices can be significantly improved. These
strategies contribute to creating an inclusive and adaptive learning environment that meets the
diverse needs of all learners.

5.2 Implication for policy development

The findings of this study also suggest several important implications for educational policy
development. Policymakers should focus on creating supportive frameworks that facilitate the
adoption and effective implementation of Al technologies in educational settings. One of the key
aspects of policy development is providing schools with the necessary resources, infrastructure, and
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training programs to successfully integrate Al-driven tools. This includes ensuring that schools,
particularly those in underserved areas, have access to the technological infrastructure required to
support Al applications, thereby preventing the widening of the digital divide.

Furthermore, policies must address the ethical concerns and data privacy issues associated with
the use of student data in Al-driven systems. Establishing clear guidelines for data collection, storage,
and usage is essential for protecting students’ rights and ensuring the responsible use of technology.
Policymakers should also consider developing policies that promote transparency in Al algorithms
used within educational settings, allowing educators and stakeholders to understand how decisions
are made and fostering trust in Al-driven interventions.

In addition to infrastructure and privacy considerations, equitable access to Al technology
should be a primary focus of policy initiatives. Policymakers must work towards ensuring that all
students, regardless of socioeconomic background, have the opportunity to benefit from personalized
learning tools. This may involve funding programs that provide technological resources to
underprivileged schools, thus promoting an inclusive educational environment where every student
has the potential to thrive. Moreover, teacher professional development programs focusing on Al
integration should be supported to equip educators with the necessary skills to effectively use these
technologies.

Overall, well-designed policies that address infrastructure, ethical concerns, data privacy, and
equitable access are crucial for enabling the successful integration of Al in education. By
establishing such frameworks, policymakers can ensure that Al technologies are implemented in a
manner that is ethical, inclusive, and supportive of improved educational outcomes for all students.

5.3 Future research direction

The findings from this study highlight several promising directions for future research to further
explore the potential of Al-driven interventions in education. Firstly, future research should focus on
the long-term impact of personalized learning pathways powered by Al. Longitudinal studies are
needed to investigate how Al-driven personalized interventions influence student performance and
learning behaviors over an extended period. Such studies can provide insights into the sustainability
and effectiveness of these technologies and inform educators on the best practices for long-term
implementation.

Another significant area for future exploration is the scalability of Al-based educational
interventions across diverse contexts. The current study was conducted in a relatively controlled
environment, and it is essential to understand how these Al-driven models perform in varied
educational settings, including different geographical locations, school types, and student
demographics. Research should assess the adaptability of these tools to ensure they are equally
effective in different cultural and socio-economic contexts. This focus will help to determine whether
Al-driven educational tools can be broadly and equitably deployed to improve educational outcomes
at a larger scale.

Moreover, future studies should explore the integration of more advanced Al models, such as
deep learning and reinforcement learning, into the educational domain. These models may offer
additional benefits in processing complex data and identifying nuanced learning patterns that can
contribute to even more effective personalized learning interventions. Experimenting with different
machine learning models could help optimize educational outcomes by identifying which models are
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best suited to various educational tasks, such as predicting student dropout rates or providing
adaptive feedback.

Research should also investigate the challenges related to teacher adoption of Al tools in the
classroom. Understanding teachers' perspectives on integrating Al, including perceived benefits,
barriers, and training needs, is crucial for the successful implementation of Al-driven interventions.
Future studies should explore how professional development programs can be designed to support
teachers in using Al effectively, addressing their concerns about workload, data privacy, and
potential biases inherent in Al systems.

research should examine the ethical implications of Al in education. Issues related to data
privacy, algorithmic transparency, and potential biases must be studied further to ensure that Al tools
are used responsibly and ethically. Researchers should work to develop frameworks that ensure Al
applications in education are fair, transparent, and do not inadvertently disadvantage any group of
students. Ethical considerations should remain a priority in the development and deployment of Al
technologies to foster trust and acceptance among all stakeholders in the educational community.

Although this study demonstrated the immediate effects of Al educational interventions,
systematic longitudinal studies are needed to examine their long-term impacts in order to fully
understand their educational value. Future research should establish a complete longitudinal research
framework to explore the sustained effects of Al educational interventions. Such a longitudinal study
should include multi-year student tracking studies, adopt regular evaluation mechanisms (e.g.,
quarterly evaluations), and collect comprehensive data in multiple dimensions. Specifically, data
collection should cover academic performance indicators, learning behaviour patterns, student
engagement, and technology use.

In terms of sustained academic performance, research needs to focus on the long-term retention
of student knowledge. This includes not only the retention and understanding of what has been learnt,
but also the development of critical thinking skills and the progression of competence in specific
subject areas. Through long-term follow-up, we can better understand the deeper impact of Al
educational interventions on students' cognitive development.

The evolution of learning behaviours is another area of focus. With the continued use of Al
educational tools, students' learning styles may change significantly. Research needs to examine the
process of shifting learning patterns, especially the development of self-directed learning skills, and
how students gradually adapt to and effectively utilise Al-enabled learning environments.
Observations of this behavioural evolution are important for understanding the practical value of Al
educational tools.

The patterns of student interaction with Al are also worthy of in-depth study. This includes
examining the changes in students' habits of using technology, the process of digital literacy, and the
development of their familiarity with and proficiency in using Al tools. This information is important
for optimising the design of Al educational tools and enhancing their educational effectiveness.

In terms of research methodology, there is a need to establish a robust tracking system, develop
consistent evaluation criteria, and organically combine quantitative and qualitative evaluation
methods. At the same time, there is a need to effectively control for external variables that may affect
long-term learning outcomes. This systematic longitudinal research approach will help us to gain a
deeper understanding of the sustained impact of Al educational interventions and provide an
important reference for the future development of educational technology.
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Through this comprehensive longitudinal research approach, we will not only be able to better
understand the long-term effects of Al educational interventions, but also provide strong empirical
support for the continuous improvement of educational technology. This is of great practical
significance for promoting the effective application and optimisation of Al educational tools.

Future research should focus on the long-term impact, scalability, advanced model integration,
teacher adoption, and ethical implications of Al in education. These directions will be crucial in
maximizing the potential of Al-driven tools to create inclusive, adaptive, and high-quality learning
environments that cater to the diverse needs of all learners.

6.Conclusions and limitations

This study explored the integration of artificial intelligence in education to enhance learning
outcomes through personalized learning interventions. By employing the XGBoost model to predict
student performance and combining it with thematic analysis, the study provided a comprehensive
understanding of factors influencing student engagement and academic success. The findings
highlight the potential of Al-driven personalized learning tools in identifying at-risk students and
enabling targeted interventions, ultimately fostering an inclusive and adaptive educational
environment.

The study concludes that a multifaceted approach — combining predictive analytics with
qualitative insights—can significantly enhance educational outcomes. Personalized learning paths,
driven by AI technologies, empower educators to provide tailored support and foster student
ownership of the learning process. The positive impact of engagement-focused teaching practices
and adaptive learning strategies was also evident, emphasizing the need for real-time monitoring and
intervention.

However, this study has several limitations. First, the study was conducted in a controlled
environment with a specific dataset of 1,000 students from five secondary schools. The
generalizability of the findings to different educational settings with diverse demographics may be
limited. Future research should test the scalability and adaptability of the Al-based models across
various school contexts.

Another limitation is the lack of longitudinal data to assess the long-term effects of Al-driven
interventions on student outcomes. The cross-sectional nature of the study restricts the ability to
draw conclusions about sustained improvements in academic performance over time. Future studies
should employ longitudinal designs to provide more robust insights.

Additionally, while the study focused on the application of the XGBoost classifier, other
advanced machine learning models, such as deep learning, may offer further improvements in
predictive power. Exploring different Al techniques could provide a more comprehensive
understanding of which models are most effective for various educational tasks.

The implementation challenges related to teacher adoption of Al tools were not fully addressed
in this study. The successful integration of Al requires teacher buy-in and adequate training, which
presents potential barriers. Future research should investigate teachers' perspectives and the support
needed to facilitate effective Al use in educational practices.

Another important limitation of this study is that it fails to adequately explore teachers'
acceptance of Al technology and the challenges they face during implementation. As the direct
implementers of educational practices, teachers' attitudes towards new technologies and their ability
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to apply them have a direct impact on the implementation of Al educational tools. In terms of
teachers' readiness, there are mainly issues of varying technological competence, insufficient
familiarity with Al educational tools, and adaptability to new teaching methods. Many teachers,
while recognising the value of Al technology, may be resistant to its practical application because of
technical barriers.

Professional development needs are another pressing issue. To achieve effective integration of
Al educational tools, teachers need systematic training and ongoing technical support. However, the
current teacher training system may not be able to meet the needs of this new type of technology
application. At the same time, limited resources for ongoing professional development constrain
teachers from engaging in long-term learning and capacity enhancement. In addition, barriers at the
institutional level should not be overlooked. Teachers often face time pressure in implementing new
technologies, lack of necessary administrative support, and insufficient allocation of resources, all of
which may affect the effective implementation of Al educational tools.

To address these challenges, a comprehensive support system is needed. First, systematic
training programmes and regular professional development opportunities should be provided to help
teachers enhance their technology application skills. Second, a collaborative implementation
mechanism should be established to involve teachers in the development process of Al tools, create
effective feedback channels, and form experience-sharing communities. This participatory approach
can increase teachers' initiative and motivation. Finally, there is a need to provide support at the
policy and resource levels by developing clear guidelines for Al integration, ensuring adequate
resourcing, and establishing a sound institutional support framework.

Future research should specifically address these teacher acceptance and implementation
challenges in depth to ensure that Al educational tools are maximised for real-world teaching and
learning. This includes examining the specific factors that influence teacher acceptance, exploring
effective professional development models, and evaluating the effectiveness of different support
strategies. Only by fully understanding and addressing these challenges can the successful
implementation of Al education tools be facilitated.Only by fully understanding and addressing these
challenges can the successful implementation of Al education tools be facilitated.

In conclusion, while the study demonstrates the potential of Al-driven approaches to improve
educational outcomes, further research is needed to address questions of scalability, long-term
impact, diverse Al methodologies, and practical implementation. These efforts will help ensure that
Al technologies are utilized effectively to create inclusive, high-quality learning environments that
meet the diverse needs of all learners.
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