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Abstract 

A prosperous and functional society always requires capable and qualified human resources to 

operate. Ensuring its continuity demands the success of education as the foundation for 

fostering and nurturing future generations and enhancing human capacity. This study aims to 

provide insights into various state-of-the-art predictive models to improve student retention in 

higher education. This study examined 37 reputable papers selected through systematic 

literature review techniques and discussed 7 theoretical models, 7 relational models, and 14 

predictive models. The best predictive models were able to attain 93.0% accuracy using linear 

regression and random forest algorithms. The study found that the development of predictive 

machine learning requires thorough planning and preparation suited to each educational 

institution, and its utilization is highly recommended to enhance student retention in higher 

education. 
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Introduction 

Education is a vital instrument to ensure the continuation of civilization and increase 

human capacity, uphold sovereignty, and prepare a global workforce [1] in the global 

community. Educational system and educational management are pivotal to foster lifelong 

learning [2], which contributes socially and economically to the country [3]. In modern 

societies, universities are viewed as the pillar for progress and responsible citizenship [4]. 

Student retention reflects the overall quality of learning behavior [5], is an enduring 

global institutional problem [6], and a major obstacle to Higher Educational Institution (HEI) 

[5] success. Each dropouts are associated with considerable personal and social costs [7]. 

How to increase student retention, reduce dropout rates, and augment academic 

performance is a growing concern [8] due to the increasing surge of dropout rates [1], [9]. Such 

a phenomenon occurred globally [10]–[13]. Dropouts cause stacking and lasting loss 

individually, institutionally, nationally, or globally [14]. A dropout individual is prone to miss 

chances for a better career [15] and psychological distress [16]. Dropouts may force HEI and 

the community to do extra reallocation and expend more resources and capital [17], [18].  

Dropout and change of study can occur in the first year, and severe cases have been observed 

in higher educational institutes with more than 21.7%[19]. Failure to address this phenomenon 

produces lasting effects on individuals, society, institutions, and economics [20]. There are 

many approaches to tackle this problem and suggest the importance of solving the problem as 

early as possible [21]. Research has shown that it is possible to discover hidden patterns and 

features through technology [3], [22], such as Artificial Intelligence [7] (AI) to build profiles 

[23], [24]. 

Despite exhaustive research on the topic, the problem persists. Therefore, there is a need 

for a systematic literature review that provides insights into the models that can be applied to 

identify the hidden patterns to reduce dropout rates in higher education. 

Literature Reviews 

Dropout proves to be a complex problem influenced by numerous factors [25], and the 

need for ongoing research remains prevalent [26]. The use of technology, such as Artificial 

Intelligence (AI), Data Mining (DM), and Machine Learning (ML), to leverage big data [1], 

[23], requires further continuous research. The current development of Educational Data 

Mining (EDM) has 3 general approaches in the academic field [27]: (1) predict student chance 

for study completion, (2) predict student risk rate of dropout, and (3) forecast student academic 

performance. Forecasting, explaining, and preventing dropout in HEI is an urgent issue to 

predict critical moments, possible to intervene timely manner [28]. Success in early prediction 

enables the possibility of on-time intervention [29]. Previous studies also express the lack of 

clear criteria evaluation metric [30].  

The current research approach highlights the need to develop a recommender system 

[31] to help implement support, retention strategy, and a proactive approach to better manage 

resource allocation and achieve success [4]. A combination and ensemble of models has been 

proven to produce better prediction performance and identification of at-risk students [29]. 

Research Methodology 

This paper follows the protocol from Kitchenham and Charters' Systematic Literature 

Review [32]: Planning, Conducting, and Reporting. It is important to declare the component of 

the study: (1) the population is higher education, with (2) the intervention utilized is any 

prediction model, in (3) the context of student retention. This section explains the review 

protocol and process of conducting the review: statement of research question, the defined 

keywords and synonyms, search process such as basic search strings used to search related 
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research, and selection of digital library sources or research database, criteria of inclusion and 

exclusion, quality assessment checklists, and data extractions. 

As highlighted in the introduction, the components and objectives of the review 

highlight the research question: What methods are utilized to identify the likelihood of a 

dropout?. To obtain relevant research publications, three main keywords were selected to 

represent research objectives: “dropout”, “predict”, and “higher education”. Due to differences 

in each database, the exact search string may differ from one to another. The basic keywords 

defined and used for the automatic search were: ("higher education" OR university) AND drop* 

AND (MCDM OR "Neural Network" OR predict*). The systematic search was conducted on 

5 established digital library databases: ACM Digital Library, IEEE Digital Library, 

ScienceDirect, Scopus, and Taylor and Francis Online. This search resulted in 595 relevant 

documents. Table I provides detailed information regarding the digital resources employed for 

this research. 

 

Table I. Digital Library Sources 

No. Name URL 

1 ACM Digital Library  http://portal.acm.org/ 

2 IEEE Xplore http://ieeexplore.ieee.org/ 

3 ScienceDirect http://www.sciencedirect.com/ 

4 Scopus http://www.scopus.com/ 

5 Taylor and Francis Online http://tandfonline.com/ 

 

Inclusion and exclusion criteria were established in Table II to be used in the research. 

This is to guide the research to be more precise and relevant. 

 

Table II. Inclusion and Exclusion Criteria 

No. Inclusion Exclusion 

1 Language: English Did not address the research question 

2 Open-Accessed Inaccessible 

3 Q1-Q2 based on ScimagoJR From a non-reputable publisher 

4 Theme: Dropout in HEI Published locally 

5 Published range 2018 - 2023 Too short 

 

To ensure the quality of the selected paper, the criteria for the paper were as follows: 

(1) Does the research provide empirical or mathematical (simulation) usage of the given 

model?, and (2) Does the research provide a specific prediction model for the research?. At this 

stage, the research was conducted according to the protocol that had been established in the 

previous chapter.  

The result yielded 595 potentially relevant papers with details: (1) ACM Digital Library: 

1, (2) IEEE Digital Library: 159, (3) ScienceDirect: 19, (4) Scopus: 392, and (5) Taylor and 

Francis: 24. 21 articles were found to be duplicates. 574 papers were selected through the 

application of the inclusion and exclusion criteria, with 383 papers excluded from the study. 

191 papers went through a further screening process with quality assessment, which left the 

study with 37 papers. The final accepted papers were: (1) ACM Digital Library: 1, (2) IEEE 

Digital Library: 7, (3) ScienceDirect: 2, (4) Scopus: 26, and (5) Taylor and Francis: 1. The 

search process and conducting phase are illustrated in Figure I. 
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Figure I. Search Process and Conducting Phase 

 

The details of the final included articles per year are 3 articles published in 2018, 3 

articles in 2019, 13 articles in 2020, 12 articles in 2021, 6 articles in 2022, and no articles in 

2023. 
 

Results  

This research examined the current methods utilized to predict and discover possible 

dropouts. This aspect was researched to gain insights into the current research on dropout 

identification and methods. The research highlights the approach methods to predict the chance 

of dropout in higher education. 

There were many attempts to study and tackle dropout phenomena by using statistical 

data, educational data mining, machine learning, and deep learning to predict possible dropout 

in education. The recent research mentioned that the theoretical model utilized in the field has 

not been developed much [24]. The study reveals various methods previously used to study 

dropout in Table III. 
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Table III. Methods Utilized 

No. Name Articles Types Result 

1 Expectancy Value 

Model (EVM) 

[12], [15] Theoretical Intent and career 

variance 

2 Motivational Regulation 

Model 

[9] Theoretical Intention 

correlation 

3 Perceptions of Mindset 

Belief 

[8] Theoretical Psychology 

vulnerability 

4 Perceived Academic 

Control (PAC) 

[33] Theoretical Early support 

for PAC 

5 Self-Determination 

Theory (SDT) 

[13], [39] Theoretical Intent variance 

6 Theory of Planned 

Behavior (TPB) 

[6] Theoretical Variance 

explanation 

7 Socialization 

Questionnaire (SQ) 

[41] Theoretical Socialization 

factor 

8 Confirmatory Factor 

Analysis (CFA) 

[6], [13], [15],  

[26], [37], [39],  

[41] 

Relational Variance 

explanation 

9 Latent Change Model [15] Relational Course variance 

10 Multiple Regression 

Analysis 

[40] Relational Burnout 

predictor 

11 Survival Analysis [34] Relational Viewing 

variance 

12 Bayes [28] Relational Correlation 62% 

  [36] Bayesian 

Multilevel 

Accuracy 76.8% 

  [5], [16], [18],  

[29], [35], [36] 

Naïve 

Bayes (NB) 

Accuracy 96.1% 

13 Logistic Regression 

(LR) 

[25], [38] Relational Wellbeing 

investment 

  [11], [14] Relational Integrity 

variance 

  [5], [16], [18],  

[24], [31], [35] 

General Accuracy 96% 

  [3] Binary Accuracy 75.2% 

  [27] TM-OOC Accuracy 78% 

  [29] HO Accuracy 94.4% 

14 AdaBoost Classifier [23], [29] HO Accuracy 94.1% 

15 Neural Network (NN) [16], [35] CNN Accuracy 87.6% 

  [7] FCNN Accuracy 72.4% 

  [23], [36] FFNN Accuracy 72% 

  [4], [24], [31] MPNN Accuracy 95% 

  [5] RNN Accuracy 90% 
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No Name Articles Types Result 

16 K-Nearest Neighbor 

(KNN) 

[23], [29], [31],  

[36] 

HO Accuracy 89.6% 

17 Decision Tree (DT) [2], [5], [31] General Accuracy 90% 

  [1] C4.5 Accuracy 86.8% 

  [35] C5.0 Accuracy 62.2% 

  [27] TM-OOC Accuracy 82% 

  [29] HO Accuracy 87.6% 

18 Extra Tree Classifier [23] General Accuracy 91.9% 

19 Regression Tree [16], [36] General Accuracy 80.8% 

20 Gradient Boosting (GB) [10], [23], [31], 

[36] 

General Accuracy 91.7% 

  [16] GBDT Accuracy 87.5% 

  [7] XGBoost Accuracy 70.7% 

21 Linear Discriminant 

Analysis (LDA) 

[16] General Accuracy 83.9% 

22 Random Forest (RF) [5], [7], [10], 

[16], [18], [23], 

[31], [35], [36] 

General Accuracy 93% 

  [17] C5.0 Accuracy 65.5% 

  [27] TM-OOC Accuracy 83% 

  [29] HO Accuracy 93% 

23 Radial Basis Function 

Network 

[36] General Accuracy 64.6% 

24 TabNet-based [7] General Accuracy 71.5% 

25 Support Vector Machine 

(SVM) 

[5], [10], [16],  

[23], [29], [31], 

[35], [36] 

General Accuracy 93.9% 

26 Ensemble [10] Ensemble Accuracy 88.8% 

27 Hybrid Ensemble [29] Stacking + 

Ensemble 

Accuracy 94.8% 

28 Recommender System [31] Ensemble Accuracy 81.9% 

TM-OOC: Temporal Multi-Objective Optimization Classifier, HO: Hyperparameter Optimization, CNN: 

Convolutional NN, FCNN: Fully Connected NN, FFNN: Feed Forward NN, MPNN: Multilayer Perceptron 

NN, RNN: Recurrent NN, GBDT: Gradient Boosted DT, XGBoost: eXtreme GB. 

 

The results showed that 7 were on the theoretical models, 7 were on novel variables and 

variance explanation, and 14 studies discussed model development to increase prediction 

power. The most frequent model of prediction was LR with 13 times, RF 12 times, Tree-based 

models (DT, Extra Tree, Regression Tree) 10 times, NN 9 times, SVM 8 times, Bayesian and 

Naïve Bayes 6 times, KNN 4 times, AdaBoost twice, and the each of rest (LDA, Radial Basis, 

TabNet, Ensemble, Stacking, and Recommender system) once. The time of prediction is also 

important to enable early intervention and prevention; the best early prediction model was by 

the end of enrollment using SVM with 68.5% [10], the end of Semester 1 using ensemble with 

80.7% [10], while the best accuracy was 93% using LR and RF by the end of the 2nd year [5] 

to mention a few notable models with clearly stated time of prediction. 
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Conclusion 

The result of this study provides ample insight to answer the research questions on the 

current models utilized to face the problem of dropout in HEI. The result showed that 7 

theoretical models can be adapted to approach dropout intention, 7 relational models explained 

the novel factors influencing such intention, and 14 studies with at least 84 models can be 

utilized to predict student at risk. There is no approach method that is better than another, even 

within the same institution [30]. Therefore, the development of any and each prediction model 

requires thorough planning and preparation. The development of predictive models should 

analyze and consider the collectability, accessibility, and availability of data that each HEI owns 

and stores. 

Most research on the topic was conducted on the predictive power of the model, as many 

as 84 instances of prediction models were found within the selected studies, and the best 

accuracy reached was 96.1% [18]. In conclusion, the general development of a prediction model 

based on data mining or machine learning has shown different results based on the specific 

settings and backgrounds of the research. The study reveals the increasing trends of prediction 

models in HEI, although there was only little development on ensemble and combination 

models with decision support models to help decision makers in HEI. 

Ensuring the achievement of optimum human capacity and the continuation of a 

civilization requires success in education. Reducing the risks of dropouts and increasing 

retention of students in HEI is essential to both causes. This study presents a systematic 

literature review that summarizes researched models adoptable by HEIs. Through the 

systematic process, 37 studies are selected and examined. The study has revealed 7 alternative 

theories, 7 correlational studies, and 14 studies on predictive models. This study contributes to 

providing information on current knowledge, possible theoretical and methodological 

advancements, and potential future research areas in education dropout and retention. 
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