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ABSTRACT 
 
 Accurate prediction and early identification of student at-risk of attrition are of high concern 

for higher educational institutions (HEIs). It is of a great importance not only to the students but 

also to the educational administrators and the institutions in the areas of improving academic 

quality and efficient utilisation of the available resources for effective intervention. However, 

despite the different frameworks and models that various researchers have used across 

institutions for predicting performance, only negligible success has been recorded in terms of 

accuracy, efficiency and reduction of student attrition. This has been attributed to the 

inadequate and selective use of variables for the predictive models. This paper presents a multi-

dimensional and holistic framework for predicting student academic performance and 

intervention in HEIs. The purpose and functionality of the framework are to produce a 

comprehensive, unbiased and efficient way of predicting student performance that its 

implementation is based upon multi-sources data and database system. The proposed approach 

will be generalizable and possibly give a prediction at a higher level of accuracy that 

educational administrators can rely on for providing timely intervention to students. 

 

KEYWORDS 
 
Prediction, Student performance, Higher education, Holistic framework. 

 
   

1. INTRODUCTION 

 
Continuous progress in education domain has been going on for many years. Among the signs of 

development in the sector include exponential growth in data generation and technological 

advancement. In addition to this, there has been a significant rise in student enrolment across all 

segments of the education.  However, the increase in student enrolment has not necessary 

translate to increase in retention, progression and graduation rate. The higher institutions attrition 

rates have remained unabated, ranging from between 8% at some institutions in developed 

countries to over 70% in developing countries of the world [1]. In the United Kingdom, the 

Higher Educational Statistical Agency (HESA) data on the dropout rate from the UK Higher 

Education Institutions (HEIs) over the past five years has shown a progressive increase in the 

dropout and non-continuation of the UK domicile students especially the first-degree entrant. The 

data from the HESA reveals an increase of 6.7% in 2011/12 to 7.2% in 2013/14 of non-continued 

undergraduate students and the projection, based on this trend and previous studies, shows that 

this non-continuation rate could increase to a total of over 30% by the end of the fourth year in 
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most HEIs [2]. This has led many institutions to diverse ways of reducing student attrition by 

identifying the student at-risk of attrition early enough using predictive analytic.  

 

Currently, historical and cognitive data of students stored in the institutional databases are used as 

a model for the measurement and prediction of the performance of the current students.  The 

prediction results can then be used to provide necessary intervention and support for the at–risk 

student identified. However, the accuracy of these models in predicting student performance in 

higher educational institution has been of great challenges [3] and this has been attributed to the 

following; 

 

• Lack of standardisation and comprehensive framework for data modelling.  

 

• Limited used of variables and selective use of variables for modelling. In addition, 

building a model on the wrong data population (test sample size) can lead to inaccurate 

prediction. 

 

• Use of single or weak classifiers algorithm which often affects model quality. 

 

From all these different perspectives, it is evident that most of the data required for the successful 

and accurate prediction of student performance cannot be derived from the institutional databases 

only, the majority of factors or causes of student action and decision are only derivable from the 

students. Just as learners success and performance are not the sole responsibility of the teacher or 

educational administrator alone, but the bulk of the work lies with the learners or students 

themselves. This non-engagement of students in their performance prediction has been the major 

limitation to previous frameworks. Though the models have provided interesting concepts but 

they failed in meeting the requirement for bringing solution to the new age challenges in 

education domain. 

 

Therefore, this paper has proposed a holistic framework aims at providing all the necessary data 

input and functionalities that will help to predict student’s academic performance accurately and 

efficiently. The process of developing the framework, however, takes into consideration different 

data sources required for accurate prediction as well as the inclusion of student input into 

prediction process. 

 

 The second section of this paper presents the general overview of the existing methods and 

framework for student performance prediction from the literature review. The next section 

discusses on the proposed framework by presenting the concepts, methodology and the 

comparison of our framework with the existing frameworks. 

 

The paper concludes with the summary of the work. 

 

2.  LITERATURE REVIEW OF RELATED WORK 

 
Several research works have explored different ways to improve the student academic 

performance prediction with the use of different types of variables and algorithms as well as 

identifying the best way to increase the accuracy and the efficiency of the predictive model [4]. 

 

In research papers by [5], comprehensive summaries of several predictive frameworks, attributes 

and methods that have been used in prediction of student performance in the educational sector 

were discussed and analysed.  The importance of student performance predictions to the various 

stakeholders was also pointed out. The reasons are to identify the student at risk of attrition early 

enough in order to provide necessary support and intervention for them with the goals of 
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increasing retention, performance and attrition rate. A diagrammatic representation of the goals of 

predicting student performance is shown in Fig.1. 

 

 
 

Figure 1. General goals of student performance prediction 

 
Moreover,  it has been shown that different studies  have  been  carried out in the  area of  student 

prediction as early as 1926, with the  first set of  studies on the  effect of  student “mortality” on 

their  academic  failure [6] and this  has been followed  by different theories such as  [7] and  [8] 

Models of student attrition, [9] student attrition Models, [10] model and [11] Input –Environment-

Output  model in higher  institutions as well as [12] student retention model. 

 

However, in recent time, emphasis on the predicting student performance has been on the use of 

their cognitive ability, log activities in learning management system as well as the student 

demographic attributes.  [13], [14], [15] and [16] used demographic data along with students 

scores to predict their performance, using machine learning languages such as Artificial Neural 

Network, Support Vector Machine and Naïve Bayes algorithms. This technique is a move away 

from the commonly used traditional logistic regression.  

 

[17], [18], [19] and [20] also predicted student final grade using the log data extracted from a 

web-based system such as LMS. They make use of variables such as the number of online 

sessions, the frequency of login, the number of the original posts read/ created the number of 

follow-up post created, the number of content page viewed and the number of posts read. 

However, despite the prominence of “frequency of login” as a factor for the measurement of 

student performance, some few studies went deeper to look at the quality of participation instead 

of quantity by looking at timing, the volume and consistency of access or log in which actually 

gave more precise result when included. In summary, the most commonly used predictor 

variables extracted from LMS are a number of posts viewed, the total amount of time spent 

online, the number of access to course materials and login frequency.  

 

In different studies, [21], [22], [23] used survey questionnaire techniques to collect student 

intrinsic and personality data that are not readily available in the database for predicting student 

performance They measured the effects of personality traits, learning styles, personality, learning 

strategies and motivation factors and psychological well-being on the academic performance of 

students. 

 

In the same way, [22] used a questionnaire to collect behavioural (psychometric) data for 

predicting students’ performance in Malaysia University. The data collected include their Interest, 

study (engage) time, study behaviour, belief and family support. The result shows a strong 

correlation between student mental condition and their performance. Also, [23] used a short 

questionnaire made up of five different personality factors along with learning style of the 
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student, their psychological well-being as well as educational achievement on academic 

performance. Moreover, [21] used personality, motivation and learning strategies variables 

gathered between the year 2010-2012 alongside six different classification algorithms to predict 

student learning progression and achievement. The result from these studies shows there is a 

strong correlation between the variables examined and performance of the student. However, 

these researchers suggested the inclusion of more variables outside the University databases in 

order to improve the model and the accuracy of prediction. 

 

In a similar study carried out by [24], they developed three predictive models to compare the 

performance of survey-based retention methodology, open data sources and Institutional internal 

databases using analytical approaches. The results found that the survey-based model performed 

better in accuracy, sensitivity and specificity than the institutional internal databases when logistic 

regression was used. The study also discovered that when the questionnaire was combined with 

institutional databases, the performance improved compared to when solely institutional 

databases were used. 

 

Finally, looking at the review of student performance as a whole, various researchers have shown 

that the main reasons for low performance and attrition of student from HEIs are not those that 

are often recorded official, they are external factors that are out of control of the HEIs. Most of 

these factors are student dependent and as such involve engaging the student in providing answers 

to them through the use of survey or interview.  Moreover, it should be noted that these factors 

that affect and determine student performance are not solitary in nature but are interconnected, 

interrelated and interdependence (Figure 2). Therefore, there is a need for research to develop a 

new framework that is comprehensive and holistic in its approach. 

 

3. THE PROPOSED CONCEPTUAL FRAMEWORK 

 
The idea behind this framework is focused on the comprehensive approach to predict student 

performance with efficiency and accuracy. The performance prediction framework presented will 

generally make use of the following six variable domains that have great influence on student 

performance vis a viz psychological, cognitive, Economical, personality, demographic and 

institutional domains (Figure 2) 

 

 
 

Figure 2. An illustrative six interconnected variable-domains. 
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Each of the six domains contributes to the performance measurement of the student and are made 

up of attributes that work individually and jointly for learners success.  

 

However, the degree of complexity and impact of each domain on student performance is 

variable. 

 

• Psychological domain – include self-efficacy, achievement, goal, interest 

• Cognitive domain - includes examination score, presentation skill, intellectual ability 

• Personality domain – includes motivation, learning style,  study time, habit, ICT  skill, 

online  activities, 

• Economic domain – includes income,  income  distribution  status, parent financial status 

employment status 

• Demographic domain – includes  age, gender, location, ethnic, marital status, disability 

• Institutional domain- includes course programme, learning environment, institutional 

support, course workload. 

 

 
 

Figure 3. Architectural framework of the holistic student performance prediction system 
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Figure 3 depicts the architectural framework of the proposed student performance prediction 

system, which comprises of three different layers, a) the User Interface layer, b) the database 

system layer and c) execution or expert system layer. Each of the layers is explained below. 

 

3.1 Graphical user Interface layer 
 
This can also be referred to as the view layer. It hosts the Graphical User Interfaces (GUIs) of the 

framework. It  is the layer that is presentable to the user  and  acts as the entry point to the system 

as well as provides necessary control and functionalities to the end users. It is divided into two 

categories based on the log-in interface, the staff graphical user interface and the student 

interface. With different level of authentication, the staff and student can log in and carry out 

various activities. 

 

3.2 Database systems layer 

 
The database system layer provides access to the different databases available in higher education 

institution repository from where data abstraction for further analysis takes place. 

 

This is made up two categories of databases;  

 

• Firstly, the institutional databases which are made up Student Record System (SRS) and 

Learning Management System (Moodle) databases. 

 

• Secondly, the Student Psychosocial-Personality (SPP) database which manages students 

yearly psychosocial and personalities factors that are a not constant.  

  

3.3 Execution / Expert System layer 

 
The execution or expert system layer consists of different units for modelling, evaluation and 

decision recommendation. These units are briefly explained below; 

 

• Datamining / Modelling Engine - This apply the selected data mining techniques such as 

characterisation, classification, relationship mining, outliner analysis and clustering to the 

filtered educational/learners’ data from the data warehouse. This will involves application 

of the association mining rule to the training phases for generation of rules and patterns. 

 

• Rule Evaluation engine – This uses logic and applies the set out rules, in a different form 

to the learner’s data to produce outcomes. It makes use of declarative programming or 

conditional statement to set out “what to do” and “how to do it” to produce the outcomes. 

 

• Knowledge-based database - By making use of the rule engine, it creates a repository of 

knowledge by storing relevant information, rules and cases that can be executed on any 

data. 

 

• Intervention and Inference Engine- This gets information from the knowledge base to 

provide answers, suggestion, types and mode of intervention necessary for each student. 

This suggests and provides the necessary as well as unique intervention strategy that the 

administrator and staff can use to support the student. 
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4. CONCLUSIONS 

 
This paper has proposed a framework for predicting student academic performance with 

efficiency and accuracy. The system architecture and different variable domains are also 

presented. The framework describes the sources, types and process of data to modelling and 

finally decision making.  It also describes the algorithm selective processes that occur in the 

modelling engine stage in order to select the best predictive modellers. 

 

The proposed structure is deemed to be flexible, scalable and will remain robust in the 

application. One other advantage of using the proposed approach is its ability to fully engage the 

student in a matter relating to the decision being taken with regard to their performance and 

academic future. 

 

However, the proposed framework (which is under pilot application) still needs to be empirically 

evaluated and validated before any conclusions will be made. In addition, the ethical issues 

relating to the use of this system need to be properly researched and investigated. Beyond this, the 

framework provides great opportunities to accurately and other efficiently improves the 

prediction accuracy of students. 
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