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1 Introduction

Education serves as a pillar for the sustainability and progress of any society. Higher Education Institu-
tions (HEIls) provide a reliable workforce that contribute to the overall development of a healthy society.
The Horizon and Educause reports [1],[2] ,[3], [4] have been realizing the importance of educational data
analysis, predictive learning analytics and student’s success since 2011. It becomes very important to un-
derstand and utilize the educational data to improve educational policies and institutional outcomes.

Student performance prediction history can be traced back to years ago using statistical models [5, 6]
but use of Machine Learning (ML) and Data Mining (DM) techniques began to use about two decades ago
[7, 8] for the prediction of academic grades, pattern classification and other mining activities.

Two major educational environments exist in higher educational institutions based on the student-
teacher mode of interaction. First one is, Online Education System (OES), and is mainly consists of Massive
Open Online Courses (MOOC) and Virtual Degree Programs (VDP). The second one is the Traditional Educa-
tion System (TES) with Traditional Degree Programs in face-to-face physical classroom environment. Now
a days TES also include blended systems where lectures and exams are conducted in physical classroom
but the academic and teaching activities are available on LMS or other student resources.

The motivation behind the study was to explore the use of different ML technique implemented by
different researcher for the purpose of grade prediction of undergraduate students, especially in the TES,
and to some extend in the online education system. Keeping in view the motivation, this study presents a
macroscopic review of work for undergraduate student's performance prediction systems for the period
from 2010 to 2022. We follow the concept of Systematic Mapping Study (SMS) proposed by Kitchenham
[9]. The authors in [8] suggested to use SMS for scope building and discovering areas for future primary
studies. Some of the past reviews [10, 11] have used Systematic Literature Review (SLR) to perform an
un-biased meta-analysis of primary studies. These SLR's evaluate and present their findings according to
a specific and well-defined research question(s). This study, however, address the issue of performance
prediction at an abstract level. Prior to proceed, it is important to describe the word performance in
this research context. Performance prediction here refers to prediction of any academic performance
factor for undergraduate students, like course grade, Cumulative Grade Point Average (CGPA), pass/fail
assessment, prediction of at-risk (of failure) and drop-outs etc. Performance prediction systems have
been deployed using Statistical, Data Mining or Machine learning algorithms. To predict efficiently and
accurately, researchers used predictor(s) from different data domains namely Course Specific (CS), Demo-
graphic (Demo), Academic (Acad), Past Academic (P-Acad), Pedagogical, and Financial etc. To evaluate the
prediction performance of an algorithm usually statistical evaluation measures are used e.g., precision,
accuracy, recall, F-1 measure, Mean Square Error (MSE), Mean Absolute Error (MAE), Area Under Curve
(AUCQ) etc.

The contribution of this work is the summarization of the latest trends or applying different ML and Data
Mining algorithm for the purpose of grade prediction of undergraduate students along with introduction
of the term success ratio of any algorithm. The success ratio depicts that how many studies apply a specific
algorithm and in how many studies that particular algorithm outperforms all the other algorithms used.
The rest of paper is organized as Section 2 describes the methodology followed to organize the complete
this review work, Section 3 covers Discussion and Future Work, whereas the Section 4 presents Conclusion
of the study.

2 Methodology

Student’s performance prediction in UDP is a prevalent research area these days. Our intent is to conduct
a review of the work published during the past almost twelve years to discover and aggregate the facts
presented in these publications. Moreover, objective of this review is to reveal possible gaps that need
to be addressed for a future primary study. We follow the review strategy proposed by Kitchenham [12].
Figure-1 shows the work flow of our study.
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2.1 PLANNING

It is imperative and very useful to define research questions, list of resources to execute search strings,
selection criteria and the list of features prior to perform actual search.

2.1.1 Research Question
Objective of this review is to explore the studies to find answers of the following research questions;

1. What are the types of education systems used for UDP?

2. What is the granularity of performance prediction output in each education system categorized in
question no 1?

3. What are the effective prediction algorithms, predictors and evaluation measures for each category
identified in the question no 1 and 2?

4. What are possible research areas for future primary studies regarding performance prediction?

Processes Outcomes

Figure 1. Review Methodology

2.1.2 List of Resources

To get the answer of first question, an abstract search is required using general key words. Therefore,
search strings are defined using combination of following key words; “Undergraduate students”, “Grades
Prediction”, “Performance prediction”, “Educational Data Mining"”, “Online Education”, “Traditional Educa-
tion”, and “Conventional Education”. In order to execute search strings, the digital libraries; IEEE Xplore,
Springer Link, Science Direct, ACM Digital Library, Elsevier and Google Scholar are selected.

2.1.3 Selection Criteria and List of Features
Lastly, selection criteria for the studies and list of features that are required to be extracted from the
studies are identified and listed below. Selection Criteria is identified as;

* Studies should be relevant to search strings and research question defined.
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+ Studies could be one of the Journal papers, conference paper or Thesis published between 2010-2022
and must not be a review or survey paper. Finally, it is beneficial to identify list of features required for
analysis. These are;

* Author and year of study.

* Target education system.

+ Data source use.

+ Output class to be predicted.

* ML algorithm(s) used.

* Most efficient algorithm identified by the authors of the respective study.

* Predictors and Data domains used.

* Evaluation metrics used for each study.

2.2 Execution

Search is executed for title and keywords using search string planned in planning phase from digital li-
braries mentioned above. Initial scanning of search results reveals that OES have been widely studied
for performance prediction leaving very little scope for future exploration. In order to discover the future
research direction for TES we diverted the main focus of our review study towards the TES. The search
strings were also updated accordingly. Iteratively we searched, select and classify the studies according
to selection criteria defined in Planning phase. Finally, 82 papers were collected and their abstracts and
conclusion sections were scanned to validate our selection criteria. This screening helped out in finding ed-
ucation system and granularity level of output class. In terms of granularity, three levels were discovered;
Final CGPA of degree program, Next-term or Future performance, and Course Level (Current course the
student is enrolled in). According to selection criteria all irrelevant and duplicate studies were excluded
and 47 papers were shortlisted. These papers were thoroughly studied for quality assessment, keeping in
mind the planned list of features. We prefer those studies that used real-time data (not benchmark data)
and the outcomes are unambiguous. After this stage, 40 research articles were finalized. At the end of this
study, however, some review papers were also included for meta-analysis. In the next section, the finally
selected research papers are briefly explained under different categories.

2.2.1 Performance Prediction for Online Education System

Tremendous research work has been done for OES including Distance learning Degree programs and On-
line Open courses with millions of learners enrolled. Possible reasons for researcher’s inclination towards
OES might be the availability of online data and easy intervention. Although the main focus of this study is
not OES, however, we refer few OES studies because of obvious research gap between OES and TES. Most
of the OES based studies used lecture watching behavior and online activities performed for the course.

We generalize these course related activities as Course Specific (CS) data for this review. Like the au-
thors in [13] analyze online learning behavior of a student for prediction of future weeks of study using
Long-short term memory Recurrent Neural Network (RNN). Another Artificial Neural Network (ANN) based
study utilized Multi-layer Perceptron (MLP) and Radial Basis Function (RBF) to predict pass/fail rate [14].
The authors use final exam score for a basic IT course of an Open Education System of Anadolu University,
Turkey. In the same stream [15] proposed RNN based prediction model for information science course
using course specific data of Kyushu University, Japan.

Few regression based studies to predict course level grades for Open Online Courses are [16], [[17],
[18], [19], [20] and [21]. Yang et al. [16] used Multi Linear Regression (MLR) by incorporating Principal
Component Analysis MLR-PCA to predict calculus grades using lecture watching behavior and course as-
sessments data. Whitehill [17] evaluate reliable dropout predictors based on clickstream feature using
L2-regularized logistic Regression on 40 MOOCs. The authors in [18] studied Logistic Regression (LogR)
based model to identify at-risk student and improve course completion rate for Coursera MOOCs. Both
[19] and [20] conducted their research under Open Academic Analytics Initiative (OAAI) using online open
educational resources from Marist College, New York. Bainbridge et.al. used dataset from three domains,
Demo, academic and behaviors. LogR based method identified at-risk individuals for their study. While
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goal of Jayaprakash was to increase the student's performance by incorporating intervention strategies
and to control drop-out ratio. The authors in [21] used six regression-based techniques for final assess-
ment prediction of the informatics course of Hellenic Open University and found Regression based M5Rule
algorithm very effective. Finally classification based analytics model for University of Phoenix was devel-
oped by Barber [22] to identify at-risk students in bachelors and master’s degree programs by using fea-
tures from Demo, academic and CS domains. LogR and Naive Bayes (NB) based models were used for
their study proving NB model more accurate.

2.2.2 Performance Prediction for Traditional Education System

The TES is a major means of higher education in many developing and underdeveloped countries and is
far less studied for performance prediction. This study, therefore, explores TES to reveal further research
opportunities in perspective of performance prediction. This category includes all education systems in
which lecture is delivered in physical classroom while other class activities (assessment, labs, exams) can
be taken in traditional way or via learning management system. We identify three classes of research
articles in terms of granularity of “prediction output”; Final GPA (CGPA) Prediction, Next-term or Future-
Term performance prediction and Course Level performance prediction.

Final CGPA Prediction Underlying prediction techniques and predictor’s correlation with the output
class differ for different education system and target output variable. Like predicting Degree's final GPA
mostly consider entry test results, some P-academic records and on-going semester grades as set of pre-
dictors(s).

Decision Tree (DT) based algorithms are mostly used for this class of performance prediction. Like
Xu et al. [23] used Random Forest (RF) to predict gradual progress during each semester as well as final
CGPA. Al-Barrak et al. [24] performed study for King Saud University, Riyadh using J48 to predict final GPA
of students. Similarly, Ogunde Ajibade [25] proposed a DT based Iterative Dichotomiser 3 (ID3) algorithm.
It uses entry test results and secondary school grades to estimate the Final CGPA.

In two other studies, Alharbi [26] identify students who are at-risk of degree completion using combi-
nation of nine classification techniques deploying demographic and general performance data, and Adam
Anthony [27] predicted time to complete the degree using Bayesian network.

Next-term’s Grades Prediction The next-term grade prediction models have been developed to assist
students for future course enroliments and successful and timely degree completion. Moreover, these
models are also helpful in analyzing the study patterns and controlling retention rate of the institution.
Mostly Matrix factorization (MF), Collaborative Filtering (CF) and Regression techniques were employed by
the researchers using Acad data domain for predicting future grades. Like Rovira et al. [28] developed
an automated tool using data of University of Barcelona. They used five classification techniques to build
drop-out prediction model at course level in which LR outperformed other methods and predict future
course GPA and course recommendation using CF Recommendation System. BydZovska [29] developed
a future enrollment recommender system using item-to-item CF and computed course similarities using
information from the course catalogue by making course clusters. Regression models have also been
used for predicting future grades, like Polyzou Karypis [30] used Linear regression using CS data from the
University of Minnesota. Another study by Sweeney et al. [31] using Personalized regression model based
on Random Forest and Matrix factorization used the data of George Mason University.

Itis also observed that in recent years ANN based techniques are also successfully being employed for
all level of performance prediction systems. For example Igbal [32] used Restricted Boltzmann Machines
(RBM) to predict future semester grades successfully, using data from Information Technology University
(ITU), Pakistan.

Course-level Grade Prediction This category of performance prediction (course level) is frequently re-
searched. Studies under consideration mostly used classification and regression algorithms to predict.
Yang et al. [33] conducted a study for a blended education system using eight classification techniques for
University of Tartu in Estonia. Student’s procrastination data (students’ homework submission behavior)
was extracted from Moodle system and Linear-Support Vector Machine (L-SVM) proved to be successful
to predict multi-class grades for the course. Pelaez et al [34] merge latent class analysis (LCA) and RF to
develop a Latent Forest Model to identify at-risk students in Psychology course at San Diego State Uni-
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versity. Demo., admission and academic attributes were utilized. Two Deep Learning (DL) based studies
were conducted by Kumar Garg [35] and Patil et al. [36]. First one compares deep learning methods
with five other classification techniques using schooling marks and CS assessments (P-Acad, CS) from DIT
University, Dehradun, India. While the second one, conducted by Patil et al., compares Recurrent neu-
ral network (RNN) and feed forward neural networks FF-ANN with other classification techniques. Their
results showed RNN gives more promising results using CS data.

Some more regression-based studies are performed by Meier et al. [37] and Marbouti et al. [38]. The
contribution of Meier et al. was to predict student's final grades at an optimal time. They demonstrated
regression setting to predict grades and classification setting to check whether a student needs additional
help, if he is at-risk. Internal course assessments data of University of California Los Angeles for introduc-
tory digital signal processing course was used. In their first paper Marbouti et al. [38] performed logistic
regression-based study to identify at-risk students in an engineering course based on course-specific pre-
dictor. Later in [39] Marbouti et al. performed a comparative study of seven classification models to
identify at-risk students and designed an ensemble model by merging three models Naive Bayes Classi-
fier (NBC), SVM and K-Nearest Neighbors (KNN).A few more studies build classification models for course
level performance prediction. Shakeel and Butt [40] analyzed the data of BS students enrolled in the year
2011 at the University of Gujrat, Pakistan. They used the data for prediction of students’ performance and
identification of weaker students. They apply different variations of Decision Tree and Bayes algorithms
and concluded that Naive Bayes achieved the highest accuracy of 91.94 %. Sulaiman, Akinbowale and
Ronke [41] apply different variations of Decision Tree Algorithms for the prediction of computer program-
ming course. For the analysis they took the data of 131 students from computer science programme at
Kwara State University Nigeria. Hamoud, Hashim and Awadh [42] also compare the performance of dif-
ferent variation of decision tree algorithm using a demographic and educational data set of 161 students
from College of Computer Science and Information Technology, University of Basrah, Iraq. They recom-
mended the use of J48 for the prediction of a course GPA. Mingyu et al. [43] proposed an interpretable
prediction method for university student academic crises warning consisting of K-prototype-based stu-
dent portrait construction and Catboost-SHAP-based academic achievement prediction. They collected
data from 13,613 students from a University in Dalian China. The data includes the basic information,
study behavior, internet behavior and living behavior. The authors apply several clustering and prediction
methods and suggested K-prototype for student portrait construction and Catboost-SHAP for academic
achievement prediction based on MSE, MAE and R2 measures.

The authors in [44] explore the applications of different ML algorithms for the prediction of the aca-
demic performance of the students in higher education as high or low. They suggested to use ANN after
performing the experiments on a dataset of 162,030 students. The data was collected from private and
public universities in Colombia. Mustafa Yagci [45] predict the final exam grades of the students of a Turk-
ish public sector university based on the information of mid-term exams, department data and the faculty
data. He used several ML algorithms, among those RF and Neural Network (NN) provides highest classifica-
tion accuracy. M. Bucos and Dragulescu [46] developed a model for Romanian education system to predict
pass/fail for a course. Classification techniques with CS attributes from Polyethnic University Timisoara,
Romania were used suggesting Logistic Regression Classifier the best one. Rovira et al. [28]developed an
automated tool using data of University of Barcelona. For course level prediction, they predicted course
grade using five classification techniques and then predict drop-outs. Drop-out Classification achieved
highest F1 score using LR. In his PhD research Bydzovska [29] predict course grades, drop-outs and future
grades using social behavioral data (student disclosure and friends’ grades) along with past academic and
demographic data. Most efficient techniques for the drop-out predictions were meta-classifier (J48 and
PART), while regression algorithms were used to predict course grade. SVM outperformed for both clas-
sification and regression. Majeed Junejo [47] predict student's course grades for PAF-Karachi Institute of
Economics and Technology, Pakistan. CS and few pedagogical attributes were used for the study achiev-
ing highest accuracy using Rule induction (DT) method. Jishan et al. [48] deployed three classification
techniques to predict course grades at North South University, Bangladesh using CS features using three
classification techniques. Their study suggested to use NB as it is proved to be computationally faster than
ANN in their study. Huang et al. [49] compared four classification models to predict the students’ grades in
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an engineering dynamics course using P-academic and CS data. Multiple-LR gives good results to predict
pass/fail percentage while SVM gives highest accuracy for predicting performance.

2.3 Documentation

To provide a better insight of existing literature and to elaborate findings, all of the referenced work is
summarized here w.r.t to their predictor's usage, evaluation metrics and implemented ML-techniques for
different categories. Complete summary table of the literature review is provided in Appendix A.1 for
reference. In this section we have also compared aggregate analysis outcome of this review with couple
of previous survey studies to check agreement of our findings with the previous studies.

2.3.1 Categories Analysis

We have shortlisted 40 primary studies for aggregate analysis. First of all, to answer Research Question-1
(RQ-1), we classify studies into two types of education systems. We finalized 30 TES based research papers
and 10 OES based. Keeping in mind the RQ-2, these two education systems were further categorized for
granularity of performance prediction. Three levels were identified to answer RQ-2. All of the selected
OES studies targeted Course level prediction while in TES there were 17 Course level studies, 7 Final CGPA
level and 6 for the next semester GPA or next term’s performance, see Table 1. To analyze the frequency
of each granularity level for both education systems accumulatively, a Pie chart is drawn, Figure 2. This
chart depicts 77 % of the studies target Course level performance and hence it is highly worked area.
This classification of target education system and granularity level is a new concept for future exploratory
surveys.

Table 1. Categorical distribution of Studies

Granularity OES TES Total Percentage (Total)
Final GPA - 7 7 17.5%
Next Semester GPA - 6 6 15%
Course level 10 17 27 67.5%
Total 10 30 40 100%

s Finag CGPA s Mext Semester GPA  » Course Level

Figure 2. Percentage Distribution for Granularity Levels

Year wise distribution of the selected primary studies is provided in Figure 3 revealing most of the selected
studies were published between 2014 and 2017.
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Figure 3. Distribution of selected studies according to year of publishing

2.3.2 Algorithm Usage Analysis
All of the shortlisted studies referenced for this review used ML algorithms to build their prediction models.
Some past review papers revealed that classification and regression based algorithms are most commonly
used in the prediction models, followed by the clustering algorithms and Association rule mining [50], [10],
[11], [51], and [52]. In classification scenario ANN and Deep learning techniques are rather new and the
survey presented in [53] emphasized that the usage frequency of ANN and Deep learning methods were
low in the last decade while higher tendency is observed in current decade, especially in the past five years.
In this study we distribute ML techniques in seven categories for both OES and TES. For aggregate anal-
ysis ANN represents all neural network algorithms including DL algorithms. Decision Tree is generalized
for all DT based algorithms including RF. Regression is used for any LR and LogR algorithms. Analyzing the
referenced literature here, it is observed that Regression and DT are most widely used by the researchers
for performance prediction systems followed by SVM, ANN, NB and others. While KNN is least frequently
used for performance prediction. Usage frequency of classification techniques is summarized in Table 2
and Figure 4 below.

Table 2: Usage Distribution of ML Techniques

Techniques ANN Reg NB DT SVM | KNN | others
34emOES Usage 4 8 2 2 4 0 0
success 3 6 1 0 0 0 0
34emTES Usage 8 15 10 24 9 5 13
success 5 7 4 11 3 1 4
34emTotal Usage 12 23 12 26 13 5 13
success 8 13 5 11 3 1 4

Success Ratio 66.7% | 56.5% | 41.7% | 42.3% | 23.1% | 20% | 30.8%

By analyzing the usage frequency of each ML algorithm and their respective success frequency, an
important factor, success ratio, is discovered. It is the ratio of success of the technique w.r.t. its usage (see
Figure 5). Here we can see that Regression has the highest success ratio followed by ANN. While DT has
only 40% success ratio, although its usage frequency, in this study as well as in some past review studies,
is very high.

Some previous surveys showed similar results for usage frequency. Like in [10], the authors identified
DT and ANN as the highly used technique and in [11] Decision Trees, Naive Bayes and ANN were identified
as mostly used techniques. Usage frequency of ML techniques is discussed in almost every past survey
but none of the previous studies mentioned the term success ratio of used techniques. Concluding this,
a very useful finding comes across that Regression has highest success ratio and thus can be claimed as
efficient ML technique for performance prediction.

2.3.3 Predictor's Usage Analysis
This study aggregates data domains into three broad classes;
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Figure 5. Success Ratio of ML Techniques
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+ Course Specific (include internal course assessments, online lecture watching behavior and other
course related activities for OES)

+ Academic (current CGPA, other academic features related to degree and P-Academic including high
school, college grades, and Entry test marks etc.)

+ Demographic (Gender, age, Traveling time, Employment status, financial status etc.)

+ Others (include pedagogical and social behavioral data considered by only a few studies)

Table 2. : Usage Frequency of Data Domains

Data Domain CS Acad Demo Others

OES 10 5 5 0

TES 17 14 10 4
Total 27 19 15 4
% age 41% 29% 23% 6%

295

o

® Arademic = Demographic = Others

]
[
L

Figure 6. Usage Frequency of Data Domains

It is observed that CS data is most widely used data domain followed by academic and demographic
data respectively. Usage frequency of these data domains for both education systems is provided in Table
3. The usage percentage of each of these data domain is shown in Figure 6.

It is also argued in the literature that CS data alone is not reliable for prediction [37]. As students
are motivated for study in the beginning of semester and course contents are relatively easy in the be-
ginning than post-midterm. Another important issue with using only CS data is that it considers initial
assessments and midterm score thus it becomes too late to control failure after many assessments have
been done. Therefore, combining previous academic records (both from previous institutions and past
semesters (if applicable), especially grade report of pre-requisites is more important and reliable for ef-
fective prediction [49], [52]. Some studies claimed that good instructor-student communication level is a
much stronger factor for earning good grades [54, 55]. Many researches, however, emphasized the im-
portance of demographic data [37] and some used sensitive data like psychometric and behavioral data
[29, 33] but using these data domains is not a practical approach in most of the cases because of their
availability and validity.

Comparing our findings with few past reviews shows that they also possess similar distribution in terms
of predictor's usage [52], [10] and [11]. Past surveys reported previous grades and CS data as the two
most important predictors. Demographic and other academic parameters have second preference while
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psychometric parameters (student interest, study behavior, engage time etc.) are applied very rarely in
predicting students’ performance.

2.3.4 Evaluation Metrics Analysis

Going through the literature we identified different metrics for evaluation of prediction techniques. It
was observed that most of the studies used Precision, Recall, Accuracy and F-Measure for evaluation of
prediction model. Therefore, for convenience we collectively call them Standard. We can observe from the
Table 4 and Figure 7 that Standard (Precision, Recall, Accuracy, F-Measure) have highest usage frequency
for both education system i.e., 77%. While error rates (Root Mean Square Error (RMSE), Mean Absolute
Error (MAE) etc.) used by 13% studies and 23% researchers used other metrics such as ROC (receiver
operating characteristic) curve, and AUC (Area under the ROC Curve) etc.

Table 3. Usage Freq. of Evaluation metrics

Metrics Standard Errorrate Others

OES 5 3 2

TES 23 2 5

Total 28 5 7
Percentage 70% 12% 18%

T

s Standard mErrorrae m Others

Figure 7. Usage Frequency of Evaluation metrics

These results help us in answering RQ-3 where Regression and DT proved to have highest usage frequency
but regression possess highest success ratio to predict efficiently. In terms of predictors, the CS predictors
for both education systems show highest usage, whereas the standard evaluation metrics are widely used
to evaluate the ML techniques.

3 Discussion and Future work

This review presents the existing literature (from 2010 to 2022) in a new perspective of target education
systems and granularity level of performance for undergraduate degree programs. It is observed that if
student’s performance is accurately predicted at lowest granularity level i.e., course level then it would be
beneficial to improve student performance in current semester, upcoming semesters and finally for the
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complete degree program. By analyzing the hypothetical relevance of predictors, it can be concluded that
predictors for every degree program differ. Like predictor for medical science, mathematics, computer sci-
ence, law or humanities programs will not be the same. Another important observation is to discover crit-
ical courses in each degree program. Interestingly, for each degree program there exist group of courses
that are interrelated in terms of concepts and learning and hence earning grades. Sometimes they are
specified as Pre-requisites by the institution and sometimes they are not. Therefore, it is suggested to
form course clusters for critical courses for a specific degree program and develop prediction models for
each course cluster. Thus, further research work should be conducted by focusing on prediction models
for critical course clusters rather than predicting individual course grades.

One of such course cluster for undergraduate Computer Science (BSCS) program is discovered as Pro-
gramming Course Cluster. There are eight to ten compulsory programming courses that are required to
pass to earn undergraduate computer science degree. Programming courses are considered challenging
and authors in studies [56], [57], [58], [59] have emphasized the importance of failure rates of program-
ming courses towards successful graduation. By looking at these facts, programming course cluster can be
formed for CS degree programs. In the same pattern there exist potential course clusters for every degree
program. No remarkable work is done (as per our knowledge) towards this perspective of performance
prediction.

4 Conclusion

Objective of this review was to distinctively analyze performance prediction researches from a new per-
spective. Consequently, existing works is presented in a novel way by classifying target education systems
and granularity level of performance prediction output for undergraduate degree programs. Two edu-
cation systems were classified as Online Education System and Traditional Education system. The study
also identifies three granularity levels for performance prediction output; Final CGPA, Next Semester GPA
and Course Level performance prediction. It is revealed that Course level prediction have been widely
performed in the past. Aim of the study was to provide a concise overview of this area using aggregate
charts and findings within each category. It was observed that Decision Tree and Regression both possess
high usage frequency but Regression algorithms proved to be efficient by calculating success ratio of the
used ML techniques. Course specific predictors and standard evaluation metrics (Precision, Recall, Accu-
racy and F-measures) have highest usage frequency for work referenced here. The current review also
discover potential for future research by emphasizing upon the importance of course clusters within each
degree program at undergraduate level. Thus, presented work is significant in exploring new aspects of
data and finding the gap that can be covered in future primary studies.
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