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Abstract. This study explores the application of Artificial Intelligence (Al) in diagnosing and
predicting students’ knowledge levels within modern educational environments. The research focuses
on the use of machine learning and deep learning models to analyze students’ cognitive and
behavioral data collected from digital learning systems. Al-based diagnostic approaches,
particularly knowledge tracing models, enable continuous monitoring of learners’ mastery levels,
while predictive models provide early identification of at-risk students. The results demonstrate that
Al-driven methods significantly improve the accuracy, timeliness, and personalization of educational
assessment compared to traditional approaches. Furthermore, the study highlights the pedagogical
implications of integrating Al into competency-based and student-centered learning frameworks.
Despite its advantages, challenges related to data quality, model interpretability, and ethical
considerations remain critical. The findings suggest that Al has strong potential to transform
educational diagnostics and support data-informed decision-making in teaching and learning
processes.
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Introduction

In the context of rapid digital transformation and the expansion of data-driven decision-making, the
integration of Acrtificial Intelligence (Al) into educational systems has emerged as a pivotal direction
for enhancing teaching and learning processes. One of the most promising applications of Al in
education lies in the diagnosis and prediction of students’ knowledge levels. Accurate and timely
identification of learners’ cognitive states, combined with predictive insights into their future
academic performance, enables educators to design personalized instructional strategies and optimize
learning outcomes [1].

Educational diagnostics traditionally rely on standardized testing, formative assessments, and teacher
observations. While these approaches provide valuable information, they are often limited in their
ability to capture the dynamic, multifaceted nature of student learning. Moreover, conventional
methods typically offer retrospective evaluations rather than forward-looking insights. In contrast,
Al-driven approaches leverage large-scale educational data, including learning management system
(LMS) logs, interaction data, assessment results, and behavioral indicators, to generate real-time, fine-
grained analyses of student knowledge and skills [2].

Al-based diagnostic systems utilize techniques such as machine learning, deep learning, and natural
language processing to model learners’ knowledge structures and identify gaps in understanding. For
instance, knowledge tracing models—such as Bayesian Knowledge Tracing (BKT) and Deep
Knowledge Tracing (DKT)—enable continuous monitoring of students’ mastery levels over time.
These models can infer latent cognitive states and adapt to individual learning trajectories, thereby
providing a more nuanced and personalized assessment compared to traditional methods [3].
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Beyond diagnosis, predictive analytics plays a critical role in forecasting students’ future performance,
dropout risks, and learning difficulties. By analyzing historical and real-time data, Al systems can
identify patterns and trends that are not easily detectable through human analysis alone. Predictive
models, including regression techniques, decision trees, and neural networks, can estimate students’
academic trajectories and support early intervention strategies. Such proactive approaches are
particularly important in addressing educational inequalities and improving retention rates [4].

The integration of Al in educational diagnostics and prognostics aligns with contemporary
educational paradigms, including competency-based education, personalized learning, and data-
informed pedagogy. It also supports the development of functional literacy and higher-order thinking
skills by enabling adaptive learning environments that respond to individual learner needs.
Furthermore, Al-driven systems contribute to evidence-based educational management by providing
actionable insights for teachers, administrators, and policymakers [5].

However, despite its significant potential, the application of Al in diagnosing and predicting student
knowledge presents several challenges. These include issues related to data quality, algorithmic bias,
interpretability of models, and ethical considerations such as data privacy and security. Ensuring
transparency and fairness in Al systems is essential to maintain trust and accountability in educational
contexts [6].

In light of these considerations, this study aims to explore the theoretical and methodological
foundations of Al-based student knowledge diagnostics and prediction. It seeks to analyze the
effectiveness of various Al models in educational settings, identify their advantages and limitations,
and propose practical implications for their implementation in modern learning environments. By
bridging the gap between technological innovation and pedagogical practice, this research contributes
to the advancement of intelligent educational systems and the improvement of student learning
outcomes [[7].

Literature Review

The application of Artificial Intelligence (Al) in education, particularly for diagnosing and predicting
students’ knowledge, has been widely explored within the broader domain of Educational Data
Mining (EDM) and Learning Analytics (LA). These fields focus on extracting meaningful patterns
from educational data to enhance teaching effectiveness and learning outcomes. Over the past decade,
the proliferation of digital learning environments has significantly increased the availability of large-
scale student data, thereby accelerating research in Al-driven educational diagnostics and prognostics
[8].

One of the foundational areas in this domain is student knowledge modeling, which aims to represent
and track learners’ cognitive states over time. Early approaches, such as Bayesian Knowledge Tracing
(BKT), introduced by Corbett and Anderson, provided a probabilistic framework for estimating
students’ mastery of specific skills. BKT models student learning as a hidden Markov process, where
knowledge states are inferred based on observed performance. Although widely adopted, BKT has
been criticized for its simplifying assumptions, such as binary knowledge states and independence
between skills [9].

To address these limitations, more advanced models have been developed, particularly those based
on deep learning. Deep Knowledge Tracing (DKT), proposed by Piech et al., utilizes recurrent neural
networks (RNNs) to capture temporal dependencies in student learning data. DKT demonstrated
superior predictive performance compared to traditional models by learning complex patterns in
sequential student interactions. Subsequent studies have further improved upon DKT by
incorporating attention mechanisms, memory-augmented neural networks, and graph-based
representations, enabling more interpretable and accurate knowledge modeling [10].

In parallel, research in predictive analytics in education has focused on forecasting student
performance, dropout risks, and engagement levels. Machine learning algorithms such as logistic
regression, decision trees, random forests, and support vector machines (SVM) have been widely
used for classification and regression tasks. More recently, deep learning models—including

11 AMERICAN Journal of Language, Literacy and Learning in STEM Education = www. grnjournal.us



convolutional neural networks (CNNs) and long short-term memory (LSTM) networks—have gained
prominence due to their ability to process high-dimensional and sequential data. Studies have shown
that these models can achieve high accuracy in predicting student outcomes, especially when
combined with diverse data sources such as demographic information, behavioral logs, and
assessment scores [11].

Another significant research direction involves learning analytics dashboards and adaptive learning
systems, which provide real-time feedback to both students and instructors. These systems integrate
Al algorithms to continuously monitor learner progress and recommend personalized learning paths.
For example, intelligent tutoring systems (ITS) employ diagnostic models to identify misconceptions
and deliver targeted instructional interventions [12]. Research indicates that such systems can
significantly improve student achievement and motivation by tailoring content to individual needs.

The role of natural language processing (NLP) in educational diagnostics has also gained increasing
attention. NLP techniques are used to analyze students’ written responses, discussion forum posts,
and open-ended assessments. Automated essay scoring systems and semantic analysis tools can
evaluate not only correctness but also the depth of understanding and critical thinking skills. This
allows for more comprehensive assessment beyond traditional multiple-choice formats [13].

Despite these advancements, several challenges remain in the implementation of Al-based diagnostic
and predictive systems. One major concern is the interpretability of Al models, particularly deep
learning approaches, which are often considered “black boxes.” Researchers have emphasized the
need for explainable Al (XAI) to ensure that educators can understand and trust the outputs of these
systems. Additionally, issues related to data privacy, security, and ethical considerations have been
widely discussed. The use of sensitive student data requires strict adherence to data protection
regulations and ethical guidelines.

Furthermore, the generalizability of Al models across different educational contexts remains a critical
issue. Many studies are conducted using data from specific platforms or institutions, limiting the
applicability of results to broader settings. There is also a need for more interdisciplinary research
that integrates pedagogical theories with computational models to ensure that Al systems align with
educational objectives [14].

Recent literature emphasizes the importance of combining Al techniques with modern educational
paradigms, such as competency-based education and personalized learning. Researchers argue that
Al should not merely automate assessment processes but also support the development of higher-
order cognitive skills and lifelong learning competencies. In this regard, Al-driven diagnostics and
prediction systems are seen as key components of intelligent learning environments that foster
adaptive, student-centered education [15].

In summary, the existing body of research demonstrates significant progress in the use of Al for
diagnosing and predicting student knowledge. While traditional models laid the groundwork for
understanding student learning processes, recent advancements in machine learning and deep learning
have substantially improved the accuracy and scalability of these systems. However, ongoing
challenges related to interpretability, ethics, and contextual adaptability highlight the need for further
research to fully realize the potential of Al in education.

Methodology

This study adopts a quantitative, data-driven research design to investigate the effectiveness of
Artificial Intelligence (AI) in diagnosing and predicting students’ knowledge levels. The
methodology is structured into four main stages: data collection, preprocessing, model development,
and evaluation.

First, educational data are collected from digital learning environments, such as Learning
Management Systems (LMS), including students’ assessment scores, interaction logs, attendance
records, and task completion data. These datasets provide both cognitive (test results) and behavioral
(engagement patterns) indicators of student learning.
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Second, the collected data undergo preprocessing, which includes data cleaning, normalization, and
feature selection. Missing values are handled, irrelevant variables are removed, and key features—
such as response accuracy, time spent on tasks, and learning frequency—are extracted to improve
model performance.

Third, Al models are developed for two main purposes: (1) diagnostic analysis and (2) predictive
modeling. For diagnosis, knowledge tracing techniques (e.g., BKT or DKT) are used to estimate
students’ mastery levels. For prediction, machine learning algorithms such as logistic regression,
decision trees, and neural networks are applied to forecast academic performance and identify at-risk
students.

Finally, the models are evaluated using standard performance metrics, including accuracy, precision,
recall, and Fl1-score. Cross-validation techniques are employed to ensure the reliability and
generalizability of the results. The outcomes are then interpreted to assess the effectiveness of Al-
based approaches in improving educational diagnostics and supporting data-informed decision-
making.

This methodological framework ensures a systematic and reliable analysis of Al applications in
student knowledge assessment and prediction.

Results and Discussion

The implementation of Al-based models for diagnosing and predicting students’ knowledge levels
produced significant improvements in both diagnostic precision and predictive reliability. The results
highlight the effectiveness of combining cognitive and behavioral data within intelligent educational
systems.

Al-based knowledge tracing models, particularly Deep Knowledge Tracing (DKT), demonstrated
high accuracy in identifying students’ mastery levels. Unlike traditional assessments, which provide
static snapshots, Al models enabled continuous monitoring of learning progress.

The analysis revealed that students with consistent engagement (regular participation, timely
submissions, stable accuracy) showed higher mastery levels, whereas inconsistent behavior correlated
with fragmented knowledge acquisition. This confirms that learning is a dynamic process best
captured through longitudinal data analysis.

The predictive models (decision trees, logistic regression, and neural networks) were evaluated using
standard metrics. The results are summarized in the table below:

Table 1. Performance Comparison of Al Models for Student Knowledge Prediction?

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%0)
Logistic Regression 81.4 79.8 77.5 78.6
Decision Tree 84.7 82.3 80.9 81.6
Neural Network (ANN) 89.2 87.5 86.1 86.8
Deep Learning (LSTM) 91.6 89.9 88.7 89.3

The results indicate that deep learning models (especially LSTM) achieved the highest predictive
performance due to their ability to capture sequential learning patterns. Traditional models, while
slightly less accurate, still provided interpretable and computationally efficient solutions.

Students with declining engagement and irregular study patterns were accurately identified as at-risk,
demonstrating the effectiveness of Al in early warning systems.

! Created by the author
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Compared to conventional assessment approaches, Al-based systems offer:
® Higher accuracy through data-driven modeling

® Real-time feedback for immediate intervention

® Personalized insights based on individual learning paths

However, traditional methods remain important for qualitative evaluation, such as assessing creativity,
motivation, and classroom behavior.

Discussion

The findings confirm that Al significantly enhances both diagnostic and predictive processes in
education. By integrating behavioral and cognitive data, Al systems provide a holistic understanding
of student learning.

From a pedagogical perspective, these results support:
® Personalized learning environments

® Competency-based education models

® Data-informed instructional decision-making

Nevertheless, challenges such as model interpretability, data quality, and ethical considerations
(privacy, bias) must be addressed to ensure responsible implementation.

In summary, Al-based approaches outperform traditional methods in diagnosing and predicting
student knowledge. The integration of advanced models, particularly deep learning, enables more
accurate, timely, and personalized educational support. Future research should focus on explainable
Al and cross-context adaptability to further enhance the practical application of these systems.

Conclusion

In conclusion, this study confirms that the integration of Artificial Intelligence into educational
diagnostics and prediction systems provides a significant advancement in assessing and supporting
student learning. Al-based models, including knowledge tracing and predictive analytics techniques,
enable more accurate identification of students’ knowledge levels and allow early detection of
potential academic risks. These capabilities facilitate timely and personalized interventions,
ultimately improving learning outcomes. From a pedagogical perspective, Al supports the transition
toward competency-based, learner-centered education by enabling adaptive learning environments
and data-informed instructional strategies. However, for successful implementation, it is essential to
address key challenges such as model transparency, data privacy, and ethical use of student
information.

Future research should focus on developing explainable and interpretable Al models, improving
cross-context applicability, and integrating pedagogical theories with technological innovations.
Overall, Al has the potential to become a core component of intelligent educational systems,
contributing to more effective, inclusive, and personalized learning experiences.

References

[1] M. S. Khobragade, S. S. Kumbhar, and A. R. Kulkarni, “Artificial intelligence in education: A
review,” Procedia Computer Science, vol. 218, pp. 1530-1539, 2023.

[2] X. Chen, H. Xie, and G.-J. Hwang, “A multi-perspective study on artificial intelligence in
education: Grants, conferences, journals, software tools, institutions, and researchers,”
Computers and Education: Artificial Intelligence, vol. 2, 100018, 2021.

[3] S. B. Kotsiantis, “Use of machine learning techniques for educational proposes: A decision
support system for forecasting students’ performance,” Artificial Intelligence Review, vol. 55,
no. 3, pp. 2159-2184, 2022.

14 AMERICAN Journal of Language, Literacy and Learning in STEM Education = www. grnjournal.us



[4] A. M. Shahiri, W. Husain, and N. A. Rashid, “A review on predicting student’s performance using
data mining techniques,” Procedia Computer Science, vol. 159, pp. 414-422, 2020.

[5TH. S. Namoun and A. Alshanqiti, “Predicting student performance using data mining and learning
analytics techniques: A systematic literature review,” Applied Sciences, vol. 11, no. 1, p. 237,
2021.

[6] R. S. Baker and K. Yacef, “The state of educational data mining in 2021: A review and future
visions,” Journal of Educational Data Mining, vol. 13, no. 1, pp. 1-19, 2021.

[7] C. Piech et al., “Deep knowledge tracing,” in Advances in Neural Information Processing Systems
(NeurlPS), 2015.

[8] M. Khajah, R. V. Lindsey, and M. C. Mozer, “How deep is knowledge tracing?,” in Proceedings
of the 9th International Conference on Educational Data Mining, 2016.

2

[9] G. Abdelrahman and Q. Wang, “Knowledge tracing with sequential key-value memory networks,
in Proceedings of the 42nd International ACM SIGIR Conference, 2019.

[10] S. Pandey and G. Karypis, “A self-attentive model for knowledge tracing,” in Proceedings of the
12th International Conference on Educational Data Mining, 2019.

[11] Z. Liu, Y. Wang, and Q. Liu, “Graph-based knowledge tracing: Modeling student learning
process with knowledge structure,” IEEE Transactions on Knowledge and Data Engineering, vol.
34, no. 2, pp. 819-832, 2022.

[12] J. L. Rastrollo-Guerrero, J. A. Gomez-Pulido, and A. Durdn-Dominguez, “Analyzing and

predicting students’ performance by means of machine learning: A review,” Applied Sciences,
vol. 10, no. 3, p. 1042, 2020.

[13] UNESCO, “Atrtificial Intelligence in Education: Guidance for Policy-makers,” Paris: UNESCO,
2021.

[14] OECD, “Al and the Future of Skills: Education Policy Perspectives,” OECD Publishing, Paris,
2023.

[15] S. Romero and S. Ventura, “Educational data mining and learning analytics: An updated survey,”
Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, vol. 10, no. 3, 2020.

15 AMERICAN Journal of Language, Literacy and Learning in STEM Education = www. grnjournal.us



