
 

 

Med Edu Bull, Vol.6, N.1, Serial No.17, Jun. 2025                                                                                           1093 

Review Article (Pages: 1093-1102) 

 

http://medicaleducation-bulletin.ir 

 

Advantages, Challenges, and Opportunities of Machine Learning 

in Predicting Academic Achievement: A Literature Review 

Mahdi Derakhshi1, Morteza Piramoon2, *Mohammad Saeedi31 
 

1Dean of Information and Communication Technology Unit, Mashhad Municipality Fire and Safety Services 

Organization, Mashhad, Iran. 
2Bachelor of Science in Software Engineering, Information and Communication Technology Unit, Mashhad 

Municipality Fire and Safety Services Organization, Mashhad, Iran. 
3M.S. in Software Engineering, Information and Communication Technology Unit, Mashhad Municipality Fire 

and Safety Services Organization, Mashhad, Iran. 

 

Abstract 

Background: Advancements in machine learning (ML) have revolutionized the analysis of complex 

educational data. Algorithms such as k-Nearest Neighbors (KNN) and Support Vector Machines 

(SVM) enable early identification of students at risk of academic failure, facilitating timely 

interventions. This study reviews the advantages, limitations, opportunities, and challenges associated 

with ML in predicting student success. 

Materials and Methods: In this narrative review, a literature search was conducted in both Persian 

and English across online databases, including Scopus, Web of Science, IEEE Xplore, SID, 

CIVILICA, and Google Scholar, covering studies up to March 2025. Two researchers independently 

screened and selected relevant articles and extracted key data. 

Results: Analysis of the literature reveals that machine learning algorithms, such as K-Nearest 

Neighbors (KNN), Support Vector Machines (SVM), and deep learning, offer substantial 

improvements in predicting academic success and tracking students’ academic progression. Their 

high predictive accuracy supports the timely identification of at-risk students, facilitates data-driven 

educational decisions, and enables scalable, adaptive interventions. Nonetheless, the full impact of 

these technologies depends on the availability of high-quality data and is tempered by challenges such 

as algorithmic bias, limited interpretability of complex models, technical and resource constraints, and 

ethical concerns regarding privacy and fairness. Looking forward, integrating explainable models, 

enhancing adaptability to diverse educational contexts, and leveraging personalized, technology-

driven learning environments are identified as pivotal to maximizing the educational benefits of 

machine learning. 

Conclusion: Machine learning significantly enhances education by accurately predicting and early 

identifying at-risk students. However, unlocking its full potential requires addressing challenges 

related to data quality, privacy, bias, transparency, and infrastructure. Future progress depends on 

developing flexible, fair, and culturally sensitive models to ensure the ethical and effective application 

of ML across diverse educational environments. 
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1- INTRODUCTION 

      In recent years, advancements in 

machine learning (ML) technologies have 

created transformative opportunities in the 

field of education. Algorithms such as k-

Nearest Neighbors (KNN), Support Vector 

Machines (SVM), and ensemble learning 

methods have been widely used to analyze 

complex and large-scale educational data 

that traditional analytical techniques 

struggle to interpret effectively (1–4). 

These algorithms uncover hidden and 

nonlinear patterns within educational 

datasets, opening new avenues for 

studying academic progression and 

predicting student success (5–8). 

A critical challenge in higher education is 

the early identification of students at risk 

of academic failure, which can lead to 

negative outcomes such as decreased 

motivation, dropout, and a decline in 

overall educational quality (9, 10). 

Machine learning–based tools enable 

timely and accurate detection of vulnerable 

students, facilitating the development of 

targeted interventions that improve 

learning outcomes (11–13). 

Despite the promising capabilities of ML 

in educational contexts, several challenges 

remain. These include the dependency on 

high-quality and comprehensive data, the 

potential for algorithmic bias arising from 

imbalanced or historically biased datasets, 

and ethical concerns related to privacy and 

fairness (14–17). 

This study aims to provide a 

comprehensive review of the advantages, 

limitations, opportunities, and challenges 

associated with applying machine learning 

algorithms to analyze academic 

progression and predict student success. 

2- MATERIALS AND METHODS 

2-1. Study Design 

        This research was conducted as a 

narrative review aimed at analyzing the 

application, advantages, disadvantages, 

and challenges of machine learning 

algorithms in predicting academic success 

and analyzing students’ academic 

progress. In this approach, published 

scholarly articles were critically and 

integratively reviewed to provide a 

comprehensive overview of the current 

state of knowledge. 

2-2. Literature Search 

A systematic and comprehensive literature 

search was performed using selected 

keywords such as “machine learning,” 

“academic success prediction,” “academic 

progress analysis,” “k-Nearest Neighbors 

(KNN),” “Support Vector Machine 

(SVM),” and “dropout management.” The 

search was conducted in both Persian and 

English across reputable international 

databases including Scopus, Web of 

Science, IEEE Xplore, Google Scholar, as 

well as domestic databases such as SID 

and CIVILICA. The timeframe spanned 

from the earliest available resources up to 

the end of March 2025 to ensure coverage 

of the most up-to-date and relevant studies. 

2-3. Screening and Study Selection 

The data collection and screening 

processes were independently conducted 

by two researchers. Duplicate entries were 

removed, and titles and abstracts were 

screened to assess relevance to the review 

topic. Discrepancies between researchers 

were resolved through consensus 

following in-depth discussions. Selected 

articles were further evaluated based on 

the quality of reporting and relevance to 

the research objectives. 

2-4. Data Synthesis and Analysis 

Following the final selection of studies, 

key information and findings from each 

article were independently extracted and 

compiled by two reviewers. These data 

encompassed the advantages, limitations, 

challenges, and future opportunities 

associated with the use of machine 
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learning algorithms for predicting 

academic success. The extracted 

information was systematically examined 

and organized in a tabular format. Any 

discrepancies between the reviewers were 

resolved through discussion and consensus 

to ensure the accuracy, validity, and 

reliability of the collected data. 

2-5. Ethical Considerations 

As this study exclusively utilized data and 

findings from previously published articles 

without collecting primary data or 

involving direct human participation, 

ethical considerations focused on 

maintaining scientific integrity. These 

included accurate and complete citation of 

sources, transparency in methodological 

description, impartiality in study selection 

and analysis, and respect for the privacy 

and rights of participants in the original 

studies. These practices ensured adherence 

to both scientific rigor and ethical 

standards. 

3- RESULTS 

        This section provides a 

comprehensive review of multiple studies, 

highlighting the role of machine learning 

(ML) algorithms in analyzing academic 

progression and predicting student success. 

It discusses the benefits, limitations, future 

opportunities, and challenges involved in 

implementing these technologies. 

3-1. Advantages of Using Machine 

Learning Algorithms 

 High Accuracy and Predictive 

Power: Machine learning algorithms 

such as k-Nearest Neighbors (KNN), 

Support Vector Machines (SVM), 

ensemble learning, and deep learning 

methods have demonstrated remarkable 

performance in predicting academic 

achievement. By uncovering hidden, 

nonlinear, and complex patterns within 

educational data, these algorithms 

significantly outperform traditional 

statistical methods. Numerous studies 

report improved predictions of student 

success, dropout risk, and overall 

academic progress. Furthermore, 

ensemble methods and deep learning 

architectures enhance predictive 

capabilities by effectively capturing 

intricate feature interactions (19–24). 

 Early Identification of At-Risk 

Students: ML techniques can process 

large and complex datasets to promptly 

and accurately detect students at risk of 

academic failure or dropout. This early 

identification enables timely, targeted 

interventions designed to enhance 

educational outcomes (25). 

 Data-Driven Decision Making and 

Resource Optimization: Insights 

derived from ML analyses assist 

educational managers and policymakers 

in optimizing resource allocation and 

designing customized programs that 

improve learning effectiveness (26, 27). 

 Real-Time Monitoring and Adaptive 

Intervention: Certain ML frameworks 

support continuous tracking of student 

progress, allowing dynamic adjustment 

of interventions tailored to each 

learner’s evolving strengths and 

challenges (25). 

 Automation and Scalability: 

Automated data analysis accelerates 

decision-making, reduces human 

workload, and facilitates large-scale 

implementation of ML technologies 

across diverse educational 

environments. By automating routine 

data processing and predictive 

analytics, ML systems help educators 

and administrators efficiently manage 

increasing volumes of data with 

consistency. This scalability is essential 

for adapting to expanding educational 

infrastructures and heterogeneous 

student populations, while ensuring 

timely interventions (28, 29). 
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 Continuous Learning Capabilities: 

ML models have the capacity to update 

themselves with new incoming data, 

thereby improving predictive 

performance over time and adapting 

flexibly to changes in curricula, student 

demographics, and learning contexts. 

This continuous learning is critical for 

maintaining model relevance and 

robustness in dynamic educational 

settings. Incremental and online 

learning paradigms allow models to 

evolve without complete retraining, 

reducing computational costs and 

facilitating real-time updates (28, 30–

32). 

3-2. Limitations and Challenges 

 Dependence on Data Quality and 

Completeness: The performance of 

ML models is highly dependent on 

comprehensive, accurate, and clean 

datasets. Missing, biased, or 

inconsistent data can significantly 

degrade model effectiveness (33–36). 

 Bias and Fairness Concerns: Models 

trained on unbalanced or non-

representative datasets risk reinforcing 

existing disparities, potentially leading 

to unfair treatment of certain student 

groups (14, 37, 38). 

 Model Complexity and 

Interpretability Issues: Advanced 

models, such as deep neural networks, 

often operate as “black boxes,” which 

poses challenges for interpretability, 

transparency, and user trust (39–42). 

 Technological and Expertise 

Requirements: The implementation of 

ML necessitates robust computational 

infrastructure, specialized software, and 

skilled personnel—resources which 

may be scarce, particularly in low-

resource or underdeveloped educational 

settings (34, 43). 

 Data Integration and 

Standardization Challenges: Effective 

combination of heterogeneous data 

sources requires consistent standards 

and integration methodologies, which 

are often insufficiently developed (25, 

44, 45). 

 Privacy, Ethical, and Legal Issues: 

Managing sensitive student data 

demands strict adherence to privacy 

regulations and ethical standards to 

ensure confidentiality and build trust 

among stakeholders (34, 46). 

 Limited Generalizability across 

Diverse Educational Contexts: ML 

models may exhibit reduced 

performance when applied beyond their 

original cultural or systemic contexts, 

restricting their broader applicability 

and adoption (41, 43, 47). 

3-3. Opportunities and Future 

Directions 

 Personalized and Adaptive Learning: 

Machine learning (ML) enables the 

development of individualized 

educational experiences tailored to 

students’ unique strengths, weaknesses, 

and learning styles. This personalized 

approach has the potential to enhance 

student engagement and improve 

academic outcomes (25, 48, 49). 

 Informed Educational Policy and 

Strategy: ML-driven data analytics 

facilitate evidence-based policymaking, 

leading to enhanced educational equity, 

optimized resource allocation, and 

increased effectiveness of educational 

systems (34, 50). 

 Integration with Emerging 

Educational Technologies: Combining 

ML with learning management systems, 

educational platforms, and digital tools 

improves accessibility and interactivity, 

fostering pedagogical innovation and 
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modernizing teaching–learning 

environments (25, 44, 45). 

 Development of Explainable and 

Transparent Models: Recent advances 

in interpretable and transparent ML 

approaches aim to make predictive 

models more understandable and 

trustworthy, thereby encouraging 

broader adoption among educators, 

policymakers, and stakeholders (30, 

39). 

 Multi-Modal Data Utilization: 

Leveraging diverse data sources—

including academic performance, 

behavioral patterns, social interactions, 

and psychological indicators—provides 

richer insights, enabling more 

comprehensive and accurate predictions 

of student success (25, 41). 

 Addressing Cultural and Structural 

Diversity: Future ML model 

development should prioritize 

adaptability across different educational 

systems, languages, and cultural 

contexts to ensure fairness, relevance, 

and broader global applicability (47, 

51). 

In summary, machine learning has 

demonstrated significant advantages in 

predicting academic success and 

supporting effective educational 

interventions through high accuracy, early 

identification of at-risk students, and 

enabling data-driven personalized learning 

(25, 51, 52). Nonetheless, persistent 

challenges remain, including a strong 

dependency on data quality and 

completeness, issues related to model 

interpretability and transparency, inherent 

risks of bias, and substantial infrastructural 

and expertise requirements within 

educational institutions (30, 41, 43, 53). 

Progress toward developing more 

transparent and interpretable models, 

standardizing heterogeneous educational 

data, and establishing robust ethical and 

legal governance frameworks will be 

critical to fully realizing the transformative 

potential of ML in education (34, 39, 46). 

Integrating technological advancements 

with sound policy development and 

inclusive, culturally responsive design 

offers promising pathways to enhance 

learning outcomes and equity on a global 

scale (27, 41). 

4- DISCUSSION 

        This narrative review aimed to 

provide a comprehensive and analytical 

overview of the advantages, limitations, 

opportunities, and challenges associated 

with applying machine learning (ML) 

algorithms in analyzing academic 

progression and predicting student success. 

The findings indicate that algorithms such 

as k-Nearest Neighbors (KNN), Support 

Vector Machines (SVM), and ensemble 

learning methods not only enhance 

prediction accuracy but also facilitate 

timely identification of students at risk of 

academic decline, thereby enabling 

personalized interventions (25, 30). 

As an emerging tool in educational 

transformation, machine learning offers a 

unique capacity to analyze complex and 

large-scale educational datasets that 

traditional methods often fail to interpret, 

uncovering hidden patterns and trends (54, 

55). By empowering educational 

administrators through data-driven 

decision-making, ML supports the optimal 

allocation of resources tailored to the 

genuine needs of students (28). 

A key advantage of ML models is their 

ability to learn continuously and adapt to 

changing educational environments—such 

as curriculum updates and shifting student 

demographics—thereby maintaining 

predictive performance in dynamic settings 

(31). Especially, ML-based systems 

capable of online updating facilitate real-

time monitoring of students’ academic 

status and enable timely, tailored 

interventions that may reduce dropout 

rates (25). 
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Despite these benefits, substantial 

challenges impede the widespread 

implementation of ML in education. 

Paramount among these are issues related 

to data quality and comprehensiveness, as 

collecting accurate, complete, and error-

free data in educational contexts is often 

hindered by technical, cultural, and ethical 

factors (43). Protecting students’ privacy 

and securing sensitive educational data is 

another critical concern, which 

necessitates employing advanced 

techniques such as differential privacy and 

federated learning to ensure secure data 

analysis (56, 57). 

Another significant challenge involves 

biases present in data and algorithms, 

which can lead to unfair decisions and 

exacerbate educational inequalities. 

Mitigating these biases requires adopting 

fair learning methodologies, continuous 

monitoring and evaluation of models, and 

selecting balanced and representative 

datasets (58–60). Furthermore, the need 

for sophisticated infrastructure and skilled 

personnel presents practical constraints on 

broader and effective adoption of ML 

technologies in many educational settings 

(43). 

From a developmental standpoint, 

integrating ML with other artificial 

intelligence technologies—such as natural 

language processing (NLP) and intelligent 

recommender systems—opens new 

possibilities for deeper behavioral analyses 

and more precise predictions of academic 

success (30). Moreover, fostering model 

adaptability to diverse cultural, linguistic, 

and educational contexts is essential for 

enhancing global applicability and fairness 

(61). 

Finally, aligning ML models with 

cognitive theories and educational 

psychology can advance the creation of 

tools that transcend mere prediction, 

actively supporting individual and social 

learning processes and promoting more 

holistic educational development. 

5- CONCLUSION 

      Based on a comprehensive review of 

multiple studies, it can be concluded that 

machine learning (ML) algorithms play a 

central and transformative role in 

analyzing academic progression and 

predicting student success. These 

technologies not only offer higher 

accuracy and superior predictive power 

compared to traditional statistical methods 

but also enable the early and precise 

identification of at-risk students by 

uncovering complex and nonlinear patterns 

within educational data. Furthermore, the 

continuous learning capabilities and 

scalability of ML models facilitate timely 

updates and broad implementation across 

diverse educational settings. 

However, significant challenges—

including heavy dependence on data 

quality, risks of bias and inequality, model 

complexity and lack of transparency, 

ethical and privacy concerns, as well as 

infrastructural and expertise limitations—

impede the full and equitable utilization of 

these technologies. Therefore, sustained 

success in applying machine learning 

requires effective management of these 

challenges through the development of 

standardized data frameworks, appropriate 

infrastructures, and the design of 

transparent, interpretable, and adaptable 

models that account for cultural and 

structural diversity in educational contexts. 

By advancing adaptive learning 

techniques, explainable models, 

multimodal data integration, and attention 

to socio-cultural factors, machine learning 

can serve as a crucial tool for personalized 

education, evidence-based policymaking, 

and the promotion of educational equity, 

ultimately opening new avenues for 

improving education systems worldwide. 
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