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Abstract: The topic of predictive algorithms is often regarded among the most relevant fields of study
within the data analytics discipline. They have applications in multiple contexts, education being an
important one of them. Focusing on higher education scenarios, most notably universities, predictive
analysis techniques are present in studies that estimate academic outcomes using different kinds of
student-related data. Furthermore, predictive algorithms are the basis of tools such as early warning
systems (EWS): applications able to foresee future risks, such as the likelihood of students failing or
dropping out of a course, and alert of such risks so that corrective measures can be taken. The purpose
of this literature review is to provide an overview of the current state of research activity regarding
predictive analytics in higher education, highlighting the most relevant instances of predictors and
EWS that have been used in practice. The PRISMA guidelines for systematic literature reviews were
followed in this study. The document search process yielded 1382 results, out of which 26 applications
were selected as relevant examples of predictors and EWS, each of them defined by the contexts
where they were applied and the data that they used. However, one common shortcoming is that
they are usually applied in limited scenarios, such as a single course, evidencing that building a
predictive application able to work well under different teaching and learning methodologies is an
arduous task.

Keywords: predictive analytics; early warning systems; learning analytics; learning technologies

1. Introduction

Data analytics encompasses the collection of techniques that are used to examine data of various
types to reveal hidden patterns, unknown correlations and, in general, obtain new knowledge [1].
This discipline has a very strong presence among recent trends in information and communication
technologies, being of utmost relevance for researchers and industry practitioners alike. Data analytics
is often coupled with the term “big data”, since analysis tasks are often performed over huge datasets.
Other fields of study which are very popular nowadays, such as data mining or machine learning,
are close to data analytics and share many relevant techniques.

Depending on the nature of the data that are being analyzed and the objective that the analysis
task should fulfill, several sub-disciplines can be defined under data analytics. Examples of these are
text analytics, audio analytics, video analytics and social media analytics. One of the most relevant,
and the main focus in this paper, is predictive analytics, which includes the variety of techniques used
to make predictions of future outcomes relying on historical and present data [2].
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The ability to predict future events is essential for the proper functioning of some applications.
Notable examples among these are early warning systems (EWS), which are capable of anticipating
potential risks in the future thanks to information available in the present, accordingly sending alerts to
the person or group of people who may be affected by these risks and/or that are capable of countering
them. Their degree of reliability on information technologies greatly varies depending on the context
they are applied on.

EWS are mostly known for their use to reduce the impact of natural disasters, such as earthquakes,
floods and hurricanes. Upon detection of signs that such a catastrophe might happen in the near
future, members of the potentially affected population are alerted and given instructions to prevent
or minimize damage [3]. However, other kinds of EWS have been implemented in many different
contexts. For instance, they are used in financial environments to predict economic downturns at
an early stage and provide better opportunities to mitigate their negative effects [4]. In healthcare,
early warning systems are used by hospital care teams to recognize the early signs of clinical
deterioration, enabling the initiation of early intervention and management [5].

This document revolves around the application of predictive algorithms and EWS in educational
contexts, focusing on higher education scenarios, most notably university courses. This falls under
the umbrella of learning analytics (LA), a particularization of data analytics which is usually defined
as “the measurement, collection, analysis and reporting of data about learners and their contexts,
for purposes of understanding and optimizing learning and the environments in which it occurs” [6].

Predictors and EWS are used in higher education contexts with the general objective of supporting
learning and mitigating some of the most important problems that are observed in these scenarios,
such as student underperformance or dropout. Many authors have presented their own solutions in
this field of study, with vast differences in terms of specific scenarios where they are applied, input data
they work with and problems that they address. With such a vast collection of different approaches,
it can be a difficult task to fully understand the current status of solutions in this field, as well as
identifying which of them have been applied in real education scenarios with satisfactory results.

The literature review that is presented in this study has the purpose of providing an answer to
the following two questions:

o  RQ1: What are the most important purposes of using predictive algorithms in higher education, and how
are they implemented?
o RQ2: Which are the most notable examples of early warning systems applied in higher education scenarios?

This paper is based on our publication at the conference Learning Analytics Summer Institute
(LASI) Spain 2019 [7]. As an improvement upon the previous article, the review has been restructured
in order to better comply with the PRISMA statement for systematic literature reviews [8]. The search
and selection process have been more thoroughly explained and justified. Additionally, results are
presented in a more comprehensive way, focusing on comparing key functionalities of different tools.

After the present introduction, the methodology is reported, explaining the literature search
process and the criteria that were applied to assess the relevance of analyzed documents. Next,
the contents of the most relevant papers are summarized, addressing the research questions proposed
above. At the end of this document, some insights and discussion are presented.

2. Methodology

As aforementioned, the PRISMA model is used to properly report the search and selection
processes that were performed in this systematic literature review. While initially conceived for the
development of literature reviews and meta-analyses in medical areas, the general structure of PRISMA
can be followed in reviews belonging to other fields of knowledge.

This section explains the document search and selection tasks step by step, providing reasons to
justify all of the relevant decisions that were made in the process.



Appl. Sci. 2019, 9, 5569 30f26

2.1. Search Procedure

The search process was performed with the purpose of finding relevant scientific papers that
present applications of predictors and EWS in higher education scenarios.

The search was limited to the following types of documents: journal articles, conference
proceedings, and book extracts. The election of these document types was made under the assumption
that they would be likely to present a good variety of unique approaches to build and test predictive
applications, thus allowing for more interesting comparisons. Additionally, to focus on relatively
new applications and technologies, no documents with a publication date older than 2012 were
considered, as this year marked the point when learning analytics as a whole really started to bloom [9].
Regarding language, only documents written in English were eligible.

The following online databases were used in the document retrieval process: IEEE Xplore Digital
Library, ACM Digital Library, Elsevier (ScienceDirect), Wiley Online Library, Springer (SpringerLink),
Emerald, and Taylor & Francis. These were selected according to the reason of them being the most
important online scientific libraries that we had full access to. Additionally, queries were run on
Google Scholar, Scopus, and Web of Science in order to complement the search results from the
aforementioned libraries.

The document search process started in March 2019. The latest search-related tasks were
performed in June of the same year, therefore, papers published after this date were not contemplated
in this review. The following search procedure was applied:

1.  early warning system
2. predictive analy*

3. predictive algorithm
4. 10R2O0R3

5. education

6. university

7. 4ANDS5ANDG6

8.  disaster

9. medical

10.  health

11. 7 AND NOT 8 AND NOT 9 AND NOT 10

The reasoning behind this strategy was to obtain documents that focus on higher education
contexts while also filtering out papers that deal with the use of EWS in the medical or natural disaster
prevention fields, since these are areas where predictive algorithms and EWS are very prominent,
and thus have a significant amount of related literature.

Table 1 shows the number of results that were retrieved in each of the online libraries that
were searched.

Table 1. Search results per database.

Source Results
IEEE Xplore Digital Library 36
ACM Digital Library 45
Elsevier (ScienceDirect) 412
Wiley Online Library 255
Springer (SpringerLink) 91
Emerald 36
Taylor & Francis 165
Google Scholar ~13,800
Scopus 956

Web of Science 97
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It is worth noting that the search on Springer was limited to the “Education” discipline.
Additionally, the lists of results obtained from both Google Scholar and Scopus were ordered by
relevance using the built-in sorting options that these searchers provide, and only the first 200 results
in each case were considered. This was done because documents further down the list of results were
not observed to be related to the educational field.

Together with the search results obtained from the online libraries, the total number of retrieved
documents was 1537. However, some of the results that were obtained using Google Scholar, Scopus,
and Web of Science were duplicates of documents already yielded by searches on the other library
databases. Disregarding these duplicates, the final number of documents that were retrieved in the
search process was 1382.

2.2. Selection Process

To narrow down the result list to only the most relevant documents, a selection strategy
was defined. This strategy consisted in the application of two document filtering tasks: screening
and election.

The screening process had the purpose of filtering out papers that were not related with the
topic at hand. This was performed by scanning the title, abstract, and keywords of the search results.
Out of the initial 1382 papers, 1315 were eliminated during the screening process because of the
following reasons:

e  The document is not related to the educational field (1118 papers).

o  The document is related to education, but does not present the use of a predictive algorithm or
EWS (111 papers).

o  The document presents the use of a predictive algorithm or EWS in education, but in a context

other than higher education (66 papers, most of them centered around massive open online
courses (MOOCs)).

The remaining 67 articles were fully and independently analyzed during the election process,
looking for these particular pieces of information:

e  Date on which the document was published.

e  Problem that the predictor or EWS seeks to solve.

e  The prediction goal of the algorithm or application (such as student grades or dropout likelihood).
e  Types of data used as input.

e  Technical aspects about the predictive algorithm or algorithms that the application uses.

e  User collective that received the output information (most commonly either students or teachers).
e  How the output information was presented to the end user.

e  Specific higher education context where the tool was applied.

e  Number of students that were involved in the study.

e  Reliability of predictions made by the predictor or EWS.

e  Evaluation of the application’s impact over the students.

e  Any other unique aspect that differentiates the particular predictor or EWS from the rest.

In the election process, documents that failed to provide important information about how the
EWS was built or applied in practice were ruled out. This resulted in the elimination of 41 papers for
the following reasons:

e  The document was missing important information about the predictor or EWS’s implementation,
and inner workings (24 papers).

e  The results of applying the predictor or EWS in real higher education scenarios were insufficient,
nonexistent, or poorly detailed (17 papers).
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Once the election process was completed, the final number of papers that were included in this

review for qualitative synthesis was 26.

Figure 1 displays a graphical summary of the document selection process, showing the outcome

of every stage.
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Figure 1. PRISMA flow diagram summarizing the results of the search and selection processes.

3. Results

This section covers the most relevant aspects of the selected studies, comparing them with
each other: type of application developed, prediction goal, data used as input, algorithms used for
analysis, and scenarios where they were applied. Appendix A contains a short summary for each
paper, organized as a table.

First, the selected papers were classified depending on whether they present a predictor or an
early warning system. For the sake of this review, a predictor in an educational context is defined as an
application that, given a specific set of input data, aims to anticipate the outcome of a course or degree,
normally in terms of either grades or a passing/failure classification. An early warning system performs
the same tasks as a predictor, but, on top of that, it reports its findings to a teacher and/or students at
an early enough stage so that measures can be taken to avoid or mitigate potentially negative outcomes.
This means that EWS often have tighter timing requirements than predictors, as they need to perform
analyses early in a course. Additionally, EWS must present analysis results in such a way that teachers
and/or students are able to easily comprehend them. For this reason, EWS make use of tools for visual
representation, such as dashboards, in order to deliver information to the end user.
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Among the 26 selected documents, there was an even split regarding their classification as
predictors or EWS: 13 studies of each type. Table Al in Appendix A includes the category that was
assigned to each one of the articles.

To make establishing comparisons easier, predictors and EWS are described in their own
subsections up next.

3.1. Predictors

Predictors in education may target a specific course or an educational program or degree as a
whole. In either case, two main types of prediction goals can be identified: final grade of a student,
or whether the student will succeed, fail, or drop out. A few prominent examples of predictors in
educational environments are described next.

Ornelas and Ordonez developed a Naive Bayesian classifier that was applied in 13 different
courses at Rio Salado Community College (Tempe, AZ, USA) [10]. The courses belonged to degree
programs in the fields of science and humanities. The study used data from the institution’s LMS,
related to both student engagement (determined by LMS logins and participation in online activities)
and student performance (meaning the points earned in course tasks). The goal of the classifier was
to predict student success, defined as obtaining a grade of C or higher in a course. For most of the
courses in which this tool was tested, the classifier managed to achieve an accuracy of over 90%.
However, there were three scientific courses for which accuracy dropped to values between 80% and
90%. According to the authors, this could be explained by the differences in complexity compared to
other courses. This experiment was conducted with a big student population, with a training sample
of 5936 students and a validation sample of 2722. The dataset was also fairly balanced, with failure
and success rates of 40% and 60% respectively.

Thompson et al. created a classifier based on logistic regression, targeting an introductory
biology course taught during the first semester of a university major [11]. Similar to the previous
example, this classifier had the goal of predicting whether the student would pass the course or not.
However, instead of using data collected throughout the course, this study was based on results
from tests with no direct relationship with the course itself. These were taken right at the start of
the semester with the purpose of evaluating the students’ scientific reasoning and mathematical
abilities. More specifically, the tests were Lawson’s Classroom Test of Scientific Reasoning and the
ACT Mathematics Test. The predictor was tested with a population of 413 students, showing that
the scores of the tests were significant predictors of student success, with a p-value smaller than
0.05 for both of them. The fact that a prediction of success can be made before the course even starts is
certainly interesting, and it lays the groundwork for a possible concept of an EWS. However, it was
acknowledged that academic ability, as measured by these two tests, is not necessarily what defines the
odds of success, with factors such as motivation and engagement often playing a more important role.

Benablo et al. presented a classifier for student success that used data related to student
procrastination as input [12]. To obtain these data, students were surveyed regarding the time they
spent using social networks and playing online games. Three different classification algorithms
were tested: support vector machines (SVM), k-nearest neighbors (KNN), and random forest (RF),
using 10-fold validation to evaluate the performance of each of them. The predictor was tested
with a cohort of 100 computer science students from a university in the Philippines. The SVM
classifier performed better than the ones based on KNN and RE. SVM registered an F-measure of
0.984, while KNN and RF could only reach 0.806. Nevertheless, it must be taken into account that
a population of 100 students can be too small to properly evaluate a predictor. In this case, all three
classification algorithms yielded a precision of 100%, a benchmark that is not expected to be reached in
a bigger scenario.

Umer et al. attempted to estimate the earliest possible time at which a reliable prediction of the
students’ final performance in a course could be made [13]. This study involved 99 students enrolled
in a 16-week-long introductory mathematics course taught at an Australian university. Moreover,



Appl. Sci. 2019, 9, 5569 7 0f 26

this course implemented the continuous assessment system: on top of a final exam, students needed
to complete five different assignments throughout the course, being due on Weeks 2, 4, 8, 10, and 12.
The predictor collected data related to student engagement from Moodle logs—such as views of course
modules and submission of tasks—as well as the grades that students obtained in the assignments.
Final grades were predicted using a discrete scale (marks ranging from A to D, as well as low failure
and dropout), and four different classifier algorithms were tested: KNN, RF, Naive Bayes, and linear
discriminant analysis (LDA). The performance of this predictor was evaluated in terms of how well
it could classify students into high and low performers, the former corresponding to final grades of
C or better and the latter including all other grades. RF was the best performing algorithm, yielding
an accuracy of 70% after just one week and without any assignment grade data, and 87% after two
assignments had been completed. However, as in the previous example, the small population may
hurt the reliability of this performance evaluation.

Kostopoulos et al. built a co-training based student success predictor with the aim of achieving
greater performance than traditional classifier algorithms [14]. Co-training is an analysis technique
that consists in dividing the input data features into two independent and sufficient views, leading to
the use of two predictive models and taking advantage of redundancy to improve prediction
results. This study used data regarding student gender, attendance, and grades in the first view,
while indicators regarding LMS activity formed the second view. The system was implemented in
an introductory informatics module taught at a Greek open university, with 1073 enrolled students.
Its performance was exhaustively tested, using different ratios of labeled-to-unlabeled data, as well as
several combinations of classifiers for each view, including KNN, Extra Tree, RF, Gradient Boosting
Classifier (GBC), and Naive Bayes. Overall, it was observed that using Extra Tree for the first view and
GBC for the second one yielded the best performance. More importantly, tests that used co-training
performed better than self-trained variants—without feature splitting—as this study aimed to prove.

Hirose used item-response theory (IRT) to make estimations of students’ abilities regarding
the contents of a course [15]. This study targeted introductory calculus and algebra courses at a
Japanese higher education institution. These courses followed a continuous assessment system in
which students needed to perform a multiple-choice type exam each week. IRT allowed assessing the
question difficulty together with students’ abilities, resulting in a more fair judgment. Additionally,
at several points in time during the course, this study used a KNN classifier in order to predict
whether students would pass or fail the course. Results from the weekly tests were used as input data,
representing the trends of estimated students’ abilities. The predictor was tested with a population
of around 1100 students. After seven weeks—midway through the course—the classifier achieved a
misclassification rate as low as 18%. However, the author pointed out that the false positive rate was
noticeably high, meaning that a significant portion of well-performing students were being classified
as at-risk.

Schuck tried to establish a correlation between student success and the level of violence and
crime in the university campus and surrounding areas, in the context of higher education in the
USA [16]. This study used data collected from a data analysis tool maintained by the US Department
of Education, and included rates of violent crimes, disciplinary measures, and arrests among students.
Complementary data on graduation rates and other institutional variables were pulled from a data
system associated with the National Center for Education Statistics. Overall, data from 1281 higher
education institutions were collected. The goal of the predictor was determining graduation rate,
that is the fraction of students that would finish their degree program in the intended number of years.
The underlying prediction algorithm was multivariate regression. As a result of this study, it was
observed that institutions with higher rates of violent crime reported lower graduation rates. On the
other hand, institutions that made more referrals to the student conduct system for minor offenses
reported higher graduation rates, the same as those with a low number of arrests. This suggests
that referrals are more constructive intervention methods than arrests. It is important to note that,
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as opposed to the other examples of predictors listed here, this one did not target individual students,
but rather university communities as a whole.

Tsiakmaki et al. investigated whether final grades of subjects in a specific semester could
be predicted using results from courses in the previous one [17]. This study was performed
in the Technological Educational Institution of Western Greece, targeting 592 first-year Business
Administration students who started their studies between 2013 and 2017. Predictions were performed
at the end of the first semester. Input data included student gender, final grades obtained by the
student in first semester subjects on a 1-10 scale, and the number of unsuccessful attempts to pass
each subject in previous semesters, if any. Several prediction algorithms were tested to estimate each
student’s final grade in second semester subjects, also on a scale from 1 to 10. These algorithms
were linear regression (LR), RF, instance-based regression, M5 algorithm, SVM, Gaussian processes,
and bootstrap aggregating. Ten-fold validation was used for performance assessment. In this study,
RF outperformed all other algorithms, achieving a mean absolute error between 1.217 and 1.943 points,
depending on the predicted subject.

A study by Adekitan and Salau had the objective of predicting the grade point average (GPA)
of a student at the end of a five-year-long degree program, using as input the GPA obtained in each
of the first three years [18]. This concept resembles the work done by Tsiakmaki et al.: grades from
already completed courses were used to predict future performance. The study was carried out at
Covenant University in Nigeria, using grade data from 1841 students belonging to seven different
engineering programs. Many prediction algorithms were tested and compared in this study, divided
into two categories: classifiers and regression models. For classifiers, the final GPA as a prediction
goal was discretized and turned into a four-level scale. The tested algorithms were probabilistic neural
network, RF, decision tree, Naive Bayes, tree ensemble, and logistic regression. The best performing
algorithm, achieving an accuracy of 89.15%, was logistic regression. On the other hand, linear and
pure quadratic models were used to estimate the final GPA as a numeric value. These algorithms
achieved R? coefficients of 0.955 and 0.957, respectively.

Jovanovic et al. designed a predictive model to be used in courses following the flipped classroom
teaching method [19]. This predictor aimed to estimate each student’s grade in the final exam of the
course. To do this, it used data regarding interactions with pre-class learning activities. These activities
consisted of videos and documents with multiple choice questions, as well as sequences of problems.
The input data included indicators on the regularity of student interactions with learning material
and their level of engagement with each resource type. These indicators could be either generic or
course-specific. Generic indicators represented information not directly related to any course, such as
the frequency of LMS logins. On the other hand, course-specific indicators were related to interactions
with resources belonging to an individual course. Multiple linear regression was used as the prediction
algorithm. This predictor was tested in a first-year engineering course at an Australian institution,
involving 1147 students across three different academic years. The study concluded that course-specific
indicators had more predictive power than generic ones. The greatest R? value achieved was 0.377.

Trussel and Burke-Smalley focused on studying the influence of demographic and socioeconomic
factors over performance of undergraduate students [20]. The study was aimed at providing predictions
of student success, which could potentially be used to enable early interventions targeting students
at risk, supporting the decision making of instructors and advisors in the process. Two different
prediction goals were set for this predictor, both indicative of student success. On the one hand,
the students’ cumulative GPA for the entire degree program was estimated using stepwise ordinary
least squares (OLS) regression. On the other hand, logistic regression was applied to determine the
probability that a student graduates within six years of entering university, which the authors word as
the student being “retained”. As input data, the predictive model received the gender and ethnicity
of students as demographic indicators, and their household income and whether they are financially
independent or not as socioeconomic indicators. Additionally, data regarding their high school grades
and their status as full-time or part-time students were also provided. The predictive models were
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tested over a population of 1919 undergraduate students enrolled in a business program at a public
university in Tennessee (USA). The OLS regression model used for predicting cumulative GPA yielded
an adjusted R? value of 0.287, and determined that high school GPA was by far the variable with the
highest impact over final GPA in the degree program. As for the logistic regression model, grades were
once again the most important factor, and the logistic regression model was able to classify students
into “retained” and “not retained” categories with an accuracy of 82%. In both cases, some of the
demographic and economic factors were statistically significant (such as gender, ethnicity, or status as
financially independent), although their impact over prediction outcomes was significantly lower than
the one associated to grades.

Chen studied the impact of the quality and quantity of students’ note-taking over their academic
performance [21]. This study was done in the context of a first-year general psychology course at
a Taiwanese university, involving 38 students. Both in-class and after-class notes were collected
and copied by the professor at the end of each lecture. Note quantity was assessed in terms of
number of Chinese characters, while the professor rated the quality of notes based on their accuracy
and completeness regarding the actual contents of each lecture. These data were processed using
hierarchical regression in order to estimate final test scores. As a result of this experiment, it was
determined that the quality of notes was a significant predictor of test scores. However, quantity of
notes was not related to performance in any meaningful way. An R? value of 0.3 was obtained in
this study.

Amirkhan and Kofman investigated the effects of stress overload—defined as the destructive
form of stress—over the GPA obtained by a student in one semester [22]. To assess the students’ level
of stress, they were asked to fill a survey halfway through the semester, including questions regarding
perceived burden of demands and insufficiencies in resources. This allowed stress to be quantified
with the help of a “stress overload scale”, defined by the authors. Stress scores, alongside student
demographic characteristics, were the input data fed to the system. The predictor had two main tasks:
first, proving a relationship between stress overload and academic failure using structural equation
modeling (SEM), and then, determining the predictive power of stress scores using path analysis.
This predictor was tested with a population of 584 first-year students enrolled in mathematics and
liberal-arts classes at a university in California (USA). The experiment was initially performed during
the first semester and then repeated in the following one. After SEM confirmed that there was a
correlation between stress overload and low performance. Path analysis revealed that stress scores
predicted semester GPA better than most other traditional predictors (p < 0.0001). This held true for
both of the studied semesters. However, dropout could only be effectively predicted using grade data.

3.2. Early Warning Systems

Among the reviewed instances of EWS, there is one in particular that stands out above the rest:
Course Signals, documented by Arnold and Pistilli [23]. This is the earliest application that was
considered in this study, being documented in a paper in 2012, but the EWS itself has been used
in courses at Purdue University since the late 2000s. Course Signals has been highly influential to
many other EWS developed after it, becoming one of the most referenced systems by researchers in
the community.

Course Signals works in conjunction with the LMS used at Purdue University, Blackboard Vista.
The EWS works using student-related data regarding demographics, performance in tasks and exams,
effort indicators (measured by the interaction with online course materials), and prior academic history.
With these data, the system is able to estimate each individual student’s risk of failing a course. Risk is
represented in a three-level scale, color coded similar to a traffic light, with green meaning low or no
risk of failing, yellow representing a mild risk, and red being high likelihood of failing the course.
This kind of multi-level representation is easy for instructors and students to understand, and ended
up becoming a staple of other EWS to come. Once the level of risk has been assessed, instructors
can implement an intervention plan of their choice, including actions such as sending e-mails to the
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student or scheduling a face-to-face meeting. According to the authors, there was an improvement of
around 15% in student retention after Course Signals was introduced at Purdue University, and the
tool garnered an overall positive reception by students and instructors.

Internally, Course Signals uses what the authors call a “Student Success Algorithm” (SSA) in
order to process the input data. This algorithm assigns specific weights to each of the input categories
and produces a single score, representative of the perceived level of risk [24].

A screenshot of the Course Signals user interface [25] is shown in Figure 2.

Sie@als

Mary Major

Fall Semester

2 BIOL 101

2 GS 101

l
l
L2 SPAN 310 J |
L4 STAT303 ‘

l

2 COM 150

Figure 2. Student overview screen in Course Signals [25].

As aforementioned, many EWS developed after Course Signals took heavy inspiration from
it. Animportant example is Student Explorer, presented by Krumm et al. [26], which implements
a similar three-level scale to assess students’ risk of failing a course. Student Explorer mines LMS
data regarding performance, in terms of points earned in tasks and exams, and engagement, as in
the number of accesses to the course site. These data are weighted to produce three categories to
classify students: “encourage”, “explore”, and “engage”, in increasing order of risk. The way Student
Explorer classifies students regarding their performance and engagement indicators is represented in
the original paper as a table, reproduced in Figure 3.

Student Percentage Perce.n e Site Visits - ~
Points Earned . beh:l‘ir(;g:rse Percentile Rank Classification
>= 85% | Encourage |
5% <= X < 85% < 15% Explore
5% <= X < 85% >=15% < 25th percentile Explore
T5% <= X < 85% >= 15% >= 25" percentile
65% <= X < 75% < 15% < 25" percentile
65% <= X < T5% < 15% >= 25" percentile Explore
65% <= X < T5% >= 15% Explore
55% <= X < 65% >= 10% Explore
55% <= X < 65% < 10%
< 55%

Figure 3. Classification criteria in Student Explorer [26].

Student Explorer is presented as a supporting tool for student advisors, making the task of
identifying struggling students much easier. The application was first implemented in STEM courses



Appl. Sci. 2019, 9, 5569 110f26

at universities in Maryland and California, contributing to an overall improvement in student
performance, as reflected by the general increase of GPA scores.

More interestingly, Student Explorer has seen improvements and further development in the
years after it was first introduced. The following are add-ons and studies centered around this EWS:

o  Waddington and Nam added LMS resource use to the existing input data in Student Explorer [27].
This includes information on access to lecture notes and completion of assignments. This system
was tested across 10 consecutive semesters, involving a total of 8762 students in an introductory
chemistry course. The authors observed the existence of a significant correlation between resource
use and the final grade obtained in the course, using logistic regression as analysis method.
The activities that were most influential in the final grade were those related to exam preparation.

e  Brown et al. performed multiple analytics studies with the help of Student Explorer, the first of
which involved determining the reasons why students fall into a medium or high risk category [28].
This was done by using event history analysis techniques to determine the probability that a
student enters one of the at-risk levels. This was tested over a population of 556 first-year students
belonging to different study programs. As a result of this experiment, it was determined that the
main reason students are classified into the “engage” level, or high risk, is underperformance in
course tasks and exams. However, there was a wider array of circumstances that increased the
odds of students falling into the “explore” category, or medium risk. These circumstances included
being in large classes, sophomore level courses, and courses belonging to pure scientific degrees.

e  Asecond study by Brown et al. investigated which were the best ways to help struggling students
recover [29]. This study has some similarities with the previous one: this time, the authors used
event history analysis to find out which intervention methods are the best for increasing the odds
of students being removed from the at-risk levels. After experimenting with a population of
2169 first-year statistics students, they concluded that students at high risk benefited the most
from better exam preparation, while those at medium risk required assistance in planning their
study behaviors.

e  Lastly, Brown et al. analyzed the effect of co-enrollment over student performance [30]. This study
used binary logistic regression as the main analysis technique. The authors classified certain
courses as “difficult”, according to the criterion of them having a higher amount of students
classified as at-risk compared to most other courses. This extension of Student Explorer was
implemented in an introductory programming course with 987 enrolled students. The authors
determined that, given a specific focal course, students had a significantly higher chance of
entering the “explore” or “engage” categories if they were enrolled in a “difficult” course at the
same time.

There exist many other EWS that deviate from the basic formula created by Course Signals and
closely followed by Student Explorer. These are applications usually tailored for use in one specific
kind of learning environment. Some notable examples are described next.

LADA (“Learning Analytics Dashboard for Advisors”) was developed by Gutiérrez et al. and,
as its name implies, has the goal of supporting the decision-making process of academic advisors [31].
Among its features, there is a module that provides predictions of the students’ chances of passing a
specific course. LADA uses student grades, courses booked by a student, and the number of credits
per course as input data. As for the analysis technique, it uses multilevel clustering to assess risk on
a five-level scale. It does so by establishing comparisons with students that had similar profiles in
previous cohorts. The system was deployed in two different universities: one located in Europe and
the other in Latin America. Student advisors were generally satisfied with LADA’s utility, stating that
the tool allowed them to reduce the time that it took to analyze cases of individual students, enhancing
the efficiency of their decision-making.

SurreyConnect, created by Akhtar et al., was presented as a tool to assist the teacher during
laboratory sessions of a computer-aided design course at University of Surrey (England) [32].
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This application includes features such as the ability to broadcast the computer screen of a student
to the rest of the class or to remotely connect to a specific student’s computer to provide assistance.
The feature that turns SurreyConnect into an EWS is its analytics module, which provides predictions
of students potentially at risk of being unsuccessful in the course. Since this application was specifically
designed to be used in laboratory environments, it is able to use some input data that are not available
in other EWS, such as where the students are seated within the lab and who their neighbors are.
Additionally, class attendance and time spent doing exercises are also tracked. The significance of each
type of input data was determined running an ANOVA test, and the variables correlated with student
performance were identified using Pearson correlation. Through these tests, it was observed that class
attendance and time spent doing tasks had a direct relationship with learning outcomes. Additionally,
the location of a student in the classroom and the identity of the closest neighbors also had an impact
over performance.

Howard et al. were the authors of an experiment featuring the use of an EWS in a practical
statistics course at University College Dublin [33]. This course implemented a continuous assessment
system: 40% of the final grade was awarded for completing a series of weekly tasks throughout the
course, which had a total duration of 12 weeks. The main goal of this study was determining the best
time to perform a prediction of each student’s final grade: early enough so that corrective measures can
be more effectively applied to low-performing students, but not so early that predictions are unreliable
due to insufficient information. The input data were obtained from the university’s LMS, Blackboard,
and included demographic information, number of accesses to learning resources, and the results from
the aforementioned weekly tasks. Eight different predictive algorithms were tested, with Bayesian
Additive Regressive Trees (BART) yielding the best results. The EWS was able to predict the final
grade of the students with a mean absolute error of 6.5% by Week 6, exactly halfway through the
course. This performance proves that the EWS was able to make reliable enough predictions at early
stages in the course, when corrective measures taken by the teacher can be most effective.

Over at Hangzhou Normal University in China, Wang et al. developed an EWS with the objective
of reducing student dropout and minimizing delays in graduation [34]. This application stands out due
to the types of input data that it uses. As with many similar tools, information related to student grades,
attendance to classes, and use of online learning resources is used for prediction purposes. However,
this EWS also includes records from the university library, as in the books that are borrowed; and the
dormitory, as in the times at which a student enters and leaves the dorm. This extra information enables
the possibility of more closely monitoring student habits. This EWS classifies students on a seven-level
scale, regarding the nature and severity of the risks that they are exposed to: underperformance,
graduation delay, or dropout. The tool was tested for three consecutive semesters using a sample of
1712 students, trying three different classification algorithms: decision tree, artificial neural network,
and Naive Bayes. Out of the three algorithms, Naive Bayes yielded the best results, obtaining an
accuracy of 86%. Additionally, a principal component analysis showed that student grades and book
borrowing trends were the most important indicators for predictions.

Cohen hypothesized that students dropping out from a course will first stop actively using
said course’s websites and resources. Moreover, this behavior could lead to dropout from degree
studies altogether. Keeping this in mind, an EWS was built with the purpose of analyzing student
activity in a quantitative way in order to provide an early identification of learner dropout [35].
The tool was developed in the context of a large Israeli university. As input data, it collected student
activity indicators from the institution’s LMS, Moodle. These indicators included the type and number
of actions performed in the LMS, as well as their timing and frequency. The system performed
analyses of student activity month by month, identifying students with unexpectedly low activity
traces. These students could be flagged for being completely inactive during a specific month, or for
low relative activity compared to the classroom average. The EWS was tested in three different
undergraduate mathematics courses, with a total sample size of 362 students, achieving an average
recall of 66% when identifying dropout students. A Mann-Whitney U test confirmed that students
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who failed a course received more inactivity alerts than those who passed. This was also true for
students who dropped out of their degree studies the following year compared to those who did not.

Akcapinar et al. built an EWS intended to work together with BookRoll, an e-book management
system used in several Asian universities that provides access to course materials [36]. This tool
collected student interactions with BookRoll as input, in the form of Experience API (xAPI) statements.
Tracked information included logs regarding e-book navigation, page highlighting, and note taking.
Using these data, the EWS applied a predictive model in order to identify students at risk of failing the
course. This study was clearly geared towards experimentation, as 13 different prediction algorithms
were tested. Additionally, three ways of processing the input data were tried: raw, where numeric
input data were used as is; transformed, where percentile rank transformation was used to convert raw
data to values between 0 and 1; and categorical, where transformed data were discretized into “Low”,
“Medium” and “High” categories. The system was tested with a cohort of 90 students in a 16-week
elementary informatics course. It was observed that the best performing algorithms were Random
Forest for raw data, C4.5 decision trees for transformed data, and Naive Bayes for categorical data.
Additionally, the accuracy obtained with transformed data was lower than with raw or categorical
data. From the third week of the course onward, both RF with raw data and NB with categorical data
were able to correctly predict over 80% of at-risk students.

Finally, Plak et al. implemented an EWS at Vrije Universiteit Amsterdam in order to support
student counselors [37]. This study involved 758 first-year students from 12 different study programs,
as well as 34 counselors. The tool estimated a dropout probability for each student based on progress
indicators, as reflected by elements such as grades or number of credits obtained. The calculated
dropout probability, along with extra information regarding student motivation and performance,
was presented to the counselor via an analytics monitor. The outcome of this experiment showed
that, while the early identification of at-risk students was useful for counselors, the EWS-assisted
counseling sessions did not make an impact on student dropout in any noticeable way. This hints at
the existence of an underlying problem that causes underperformance, which cannot be solved only
with the identification of at-risk students.

4. Discussion

Every single study included in this literature review had the same general purpose: using data
related to students and their environments to improve academic results or address problems that exist
in higher education scenarios. However, the approaches presented by each one of these papers are
extremely diverse in many aspects, such as the targeted context, specific analysis goal, types of input
data, and used algorithms. The present discussion points out the similarities that exist among some of
the studies, as well as the most distinctive particularities that were observed.

The selected papers in this review consist of 13 predictors and 13 EWS. The differences between
these two types of systems are explained at the beginning of Section 3. The line separating both
categories is sometimes very thin, as some of the predictors are able to offer results using only data
available early in a course, which would easily allow them to serve as basis for an EWS. Examples
of these situations can be observed in the works published by Thompson et al. [11], Umer et al. [13],
and Hirose [15].

In terms of document types, 14 of the selected articles in this review are full papers published in
journals, 11 are articles presented at conferences, and the remaining one [26] is a book chapter.

Interestingly, all 14 of the full papers were published in different journals, covering the topics
of research in education, technology-enhanced learning, and educational psychology. This makes it
difficult to highlight specific journals that publish a high number of works related to predictive analysis
in education, but, at the same time, it proves that this is a topic of interest for data scientists and
educational researchers alike. As for the relevance of the journals themselves, 10 out of the 14 papers
were listed in JCR, most of them being classified in either the first or the second quartile in terms
of impact. Some of the articles were found in journals that are consistently rated among the most
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relevant ones in their fields, such as Computers & Education [19], Internet and Higher Education [33],
and Computers in Human Behavior [31].

On the other hand, five of the 11 conference articles were presented in different editions of the
International Conference on Learning Analytics & Knowledge, considered to be one of the main research
forums in the learning analytics field. The remaining six were all presented in different conferences,
including some long-running ones such as the International Conference on Information, Intelligence,
Systems and Applications [17] and the International Conference on Software and Computer Applications [12].

It is important to note that most of the selected papers were published fairly recently as of the
writing of this review. As can be observed in Figure 4, five documents were published in 2017, eleven in
2018, and five during the first half of 2019, with the remaining five studies being published between
2012 and 2016. This suggests that the topic of predictors and EWS in higher education is far from
exhausted, and its popularity among researchers is still rising. It is safe to say that further developments
and unique studies regarding this field of knowledge will keep appearing in the near future.
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Figure 4. Number of papers by publication year.

Another interesting aspect is the diversity of studies regarding the geographical location
where they were carried out. While most instances were developed in areas of North America,
Europe and Asia, there were examples of predictors and EWS developed on every continent.
This suggests that the attention garnered by predictive analysis in higher education is not exclusive
to researchers in specific parts of the world. Instead, this topic has worldwide (albeit nonuniform)
relevance, as shown in Figure 5.

Moving on to the contents of studies themselves, the selected papers could be classified regarding
their general prediction goal. Table 2 shows a summary of prediction goals, as well as how frequently
they appear. Implementing a classifier to predict which students are at risk of failing a course is by far
the most popular goal of the predictors and EWS described in this review, appearing in 15 out of the
26 selected papers. It is worth mentioning that some of the documents define this goal with different
words, such as “predicting low and high-performing students”, but, in practice, these studies are trying
to achieve the same objective. The following goal in terms of popularity is the prediction of student
grades, which could be of an exam, a course or the average of a term or degree program. A few other
papers focused on estimating students’ risk of dropping out of a course or degree program. The study
published by Schuck [16] did not fall into any of the previous three categories, as its prediction goal
was the graduation rate: the fraction of students that finish their studies in the intended number of
years. This was also the only predictor that analyzed data corresponding to academic institutions as a
whole, rather than individual students.
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Figure 5. Number of papers by location where the study took place.

Another important detail is the general prevalence of classifiers over regression algorithms in
these applications. Classifiers are typically used in the assessment of failure and dropout risks, since the
prediction outputs are categorical variables. Regression algorithms were mostly used for numerical
estimations of student grades. It was apparent that for most contexts, and especially in the case of
EWS, the prediction of categorical outcomes such as “failing or succeeding student” provides enough
information to instructors, advisors, and/or students in order to implement corrective measures if
needed. Results provided by regression algorithms, on the other hand, are usually not as reliable as
those obtained with classifiers, and, in many cases, estimations of numeric grades are unnecessary
considering the purpose that these tools are trying to fulfill. In fact, the main research goal of some
of the studies using regression algorithms was not the prediction outcome itself, but rather assessing
the strength of correlations between inputs and outputs, as seen in the papers by Schuck [16] and
Amirkhan and Kofman [22].

In terms of specific prediction algorithms, the most commonly used classifiers were Naive Bayes,
logistic regression, RF, KNN, SVM, and neural network. Meanwhile, regression-based predictors
usually relied on some variant of the linear regression algorithm. However, many authors tried
more obscure algorithms, or even self-defined ones, such as Student Explorer’s “student success
algorithm” [24]. Additionally, one importance characteristic of many of these studies is their
experimental nature, leading them to try out and compare the performance of many different
algorithms. Examples of this trend are Akcapinar et al. [36], who tested 13 different classification
algorithms, and Adekitan and Salau [18], who tried both classifiers and regression algorithms in
their work.

Table 2. Number of papers by prediction goal.

Prediction Goal Type Number Published
Risk of failing a course  Classification 15
Dropout risk Classification 3
Grade prediction Regression 7

Graduation rate Regression 1
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One of the most important defining characteristics of each predictive application was the types of
data that it used as input. Table 3 shows how many studies made use of each category of input data.
It can be observed that the most common indicators by far are those related to student performance
and engagement. Performance is measured in terms of students’ grades in past exams, tasks, or courses.
Most authors used this information if available, since past grades are always a strong indicator of
how the student will perform in the future. Engagement and effort are most commonly measured
by tracking student activity in educational online platforms, such as the institutional LMS. However,
there are also examples of engagement being assessed via direct surveys to students, such as the study
by Benablo et al. [12]. Engagement indicators have the advantage of being easy to access and collect in
most cases, and they provide high volumes of data as well: for a given course, tens of thousands of
activity records can be collected from a LMS.

Other kinds of input data are less common, but not necessarily less significant. Some studies
incorporate demographic information about the students, such as gender, age, or ethnicity. On the
other hand, studies that target several different kinds of courses often include input data regarding
course characteristics, such as the type of contents and their value in credits.

Some of the studies target very specific contexts, and thus are able to work with unique kinds of
input data that are unavailable otherwise. For example, Chen analyzed notes taken by students during
lectures [21], Akhtar et al. collected information regarding student positioning in the classroom [32],
and Schuck focused on crime and violence indicators [16].

Table 3. Number of observed use instances of input data types.

Input Data Type Appearances in Studies
Student demographics and background 6
Student engagement and effort 15
Student performance and academic history 19
Course, degree or classroom characteristics 4
Others 6

Lastly, it is important to know that testing these predictors and EWS in real higher education
scenarios is essential in order to assess their utility. It is difficult to compare these studies in terms of
how well predictors and EWS were tested, since optimal test scenarios vary depending on the context
for which the tool was designed. However, one aspect that could help understand whether results
from tests are reliable or not is the number of students who participated in the study. A higher number
of students implies more volume—and usually, more variety—of input data, which can increase the
credibility of measured statistics such as the accuracy of a predictive model.

Figure 6 showcases the number of students who participated in testing procedures for
each predictor and EWS. This excludes papers that do not provide specific number of students:
the documents presenting Course Signals [23] and Student Explorer [26] focus on describing the
EWS itself rather than specific cases of application, while the study by Schuck [16] used data at
an institutional level, rather than related to specific students. In the high end of the scale, there
are tools tested with several thousand students. Two studies stand out above the rest in terms of
population size: Ornelas and Ordonez had data of 8658 students belonging to 13 different courses [10],
while Waddington and Nam collected data regarding 8762 students across 10 semesters [27].
On the other hand, the system presented by Chen was tested on a class of only 38 students [21],
while Akcapinar et al. included only 90 students in their study [36], which can be regarded as
insufficient in order to make a solid evaluation of a predictor’s performance.
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Figure 6. Size of the student population per study.

5. Conclusions

The present systematic literature review serves the purpose of providing a general overview
on how predictive algorithms are being used in higher education environments, as of the time of
writing this paper. After a search process that yielded 1382 results, 26 papers were selected as relevant
examples of predictors and EWS applied in university contexts. Most of the selected studies were
published in 2017 or later, which proves that this field of study is gathering significant research interest
as of 2019.

The selected predictors and EWS present great diversity in terms of contexts where they were
implemented, input data they relied on, prediction algorithms they used, and the specific prediction
goal they sought. However, it is important to understand that most of these studies were performed
with an experimental mindset. For the most part, these predictors and EWS are not in a mature
enough state to be permanently implemented in university courses, with the notable exception of
Course Signals EWS [23], a tool that served as main inspiration for many of the EWS that came after
it. Increasing the level of adoption of predictors and EWS in higher education should be a priority
moving forward.

The experimental nature of many of the applications included in this study is reflected by the fact
that they are tailored for use in very specific learning contexts. As mentioned in Section 4, this has
the advantage of allowing the use of uncommon types of input data, which are not available in
environments other than the one that is targeted by the specific predictor or EWS. In addition to
this, it is easier to obtain accurate predictions when focusing on a single, isolated context. However,
the downside is that these applications are not useful when taken out of their intended environments.
One of the keys to the success of Course Signals, besides being developed earlier than most other
applications of its kind, is that it relies on activity and performance data obtained from a LMS,
information that is available in most current higher education contexts. Thus, this application could be
implemented in a multitude of different courses and degree programs across multiple academic years.
A short-term objective in this field of research should be developing more tools able to function well
in many different educational contexts, which would foster a more widespread adoption of EWS in
higher education institutions.

Regarding EWS that act as teacher-assisting tools, it was also observed that the help they provide
in order to carry out interventions over struggling students is rather limited. These applications
perform the necessary predictions and present results in an easily understandable way, but the decision
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of what corrective measures to apply is usually made by the teacher or advisor on their own. One big
leap of progress for EWS would be the ability to recommend ways of helping students which could
be most effective in each particular case. If these are found to be reliable, the system could even
perform them automatically. To follow this line of development, however, the EWS would need to
perform some sort of profile analysis for each student.Studies exist that show classifying students
regarding their study habits is possible [38]. This could provide valuable information in order to
perform effective interventions.

Another aspect that may hinder the development of these tools is the availability of data, or lack
thereof. Openly available datasets including student-related information are scarce, causing the need
for researchers to mine data themselves, usually relying on information that can be obtained from their
home academic institutions. This implies that the resulting applications are typically tailored to work
only in specific academic contexts. Additionally, creating a well-performing predictive application is
extremely difficult for researchers who do not have access to good data sources of their own. If more
student-related data became openly accessible in the future, there would be more people in the research
community able to work in this field of study, be it developing new tools or proposing improvements
for existing ones. This would help address the aforementioned maturity problem, and it would imply
a further boost in popularity for the field of predictive analysis in education.
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The following abbreviations are used in this manuscript:

BART Bayesian Additive Regressive Trees

EWS Early Warning System(s)

GBC Gradient Boosting Classifier

Gp Gaussian Processes

GPA Grade Point Average

KNN K-Nearest Neighbors

LA Learning Analytics

LADA Learning Analytics Dashboard for Advisors
LASI Learning Analytics Summer Institute

LDA Linear Discriminant Analysis

MOOCs  Massive Open Online Courses

NB Naive Bayes

NN Neural Network

OLS Ordinary Least Squares

PCR Principal Components Regression

PRISMA  Preferred Reporting Items for Systematic reviews and Meta-Analyses
RF Random Forest

SEM Structural Equation Modeling

STEM Science, Technology, Engineering and Mathematics
SVM Support Vector Machine



Appl. Sci. 2019, 9, 5569

19 of 26
Appendix A. Comparative Summary of Results
Table Al. Summary of the most relevant aspects of the selected documents, sorted by publication date.
Reference Date Type Scenario/Context Prediction Goal Input Data Algorithm(s)
Obtained from the institutional “Student Success
Course Signals EWS, used in LMS (Blackboard Vista): Algorithm”,
Arnold and April 2012 EWS courses at Purdue University Students’ risk of failing demographic information, producing a single
Pistilli [23] P (USA), with a special focus on the course. performance and effort score by weighting
first year students. indicators, prior all input
academic history. parameters [24].
A group of 38 freshmen Quality and quantity of the Hierarchical
Chen [21] May 2013 Predictor students from a Final grade in the course. notes taken by students, both . .
Tai . . . regression analysis.
aiwanese university. during and after lectures.
Student Explorer EWS, .
March targeting STEM students at Students’ risk of failing Pe.rformance and effort Welghf(ed
Krumm et al. [26] EWS . . indicators from the aggregation of
2014 Maryland and California a course. e )
. o institutional LMS. input data.
universities (USA).
An extension of Student Data used by the basic version
Waddington and March Explorer EWS. Tested with . . y Multinomial logistic
EWS . Final grade in a course. of Student Explorer, plus use of .
Nam [27] 2014 8762 students enrolled in a . . regression.
. academic resources in the LMS.
chemistry course.
Data used by the basic
An extension of Student version of Student Explorer,
Brown etal. [28]  April 2016 EWS Explorer EWS. T?Sted Wlth 256 . P lu.s contextual' Event history analysis.
students belonging to various  information such as size of
first-year courses. cohorts and specific STEM
field of the degree.
. . Crime and violence indicators
Graduation rate, i.e. .
. . fraction of students that mn and.around campus,
Schuck [16] Fe%lll;ry Predictor Over 1000 higher education provided by the US

institutions in the USA.

finish their degree within
the intended number
of years.

Department of Education and

the National Center for
Education Statistics.

Multivariate least
squares regression.
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Reference

Date

Type

Scenario/Context

Prediction Goal

Input Data

Algorithm(s)

Brown et al. [29]

March
2017

EWS

An extension of Student
Explorer EWS. Tested with
2169 students in a Statistics

course.

Data used by the basic

version of Student Explorer,

plus type of interventions
performed on struggling
students.

Event history analysis.

Akhtar et al. [32]

June 2017

EWS

Laboratory sessions of
computer-aided design courses
at University of Surrey
(England), with a sample size
of 331 students.

Students’ risk of failing the
course.

Attendance to class, location,
and neighbors within the lab,
time spent doing exercises.

ANOVA, Pearson
correlation, linear
regression.

Cohen [35]

October
2017

EWS

A sample of 362 students of
mathematics and statistics at
an Israeli university.

Chance of dropping out of
the course.

LMS activity: type, timing, and
frequency of actions
performed.

Mann-Whitney U
test to prove a
correlation between
low student activity
and a higher dropout
chance.

Ornelas and
Ordonez [10]

October
2017

Predictor

13 courses at Rio Salado
Community College (USA),
with a sample size of around
8700 students.

Students’ chance of
obtaining a passing grade.

Engagement and performance
indicators from the
institutional LMS.

Naive Bayesian
classification.

Thompson
etal. [11]

February
2018

Predictor

An introductory biology
course at Northern Kentucky
University (USA), including

413 students.

Students’ chance of passing
the course.

Results from Lawson’s
Classroom Test of Scientific
Reasoning and ACT
Mathematics Test, taken before
the start of the course.

Logistic regression.

Benablo
etal. [12]

February
2018

Predictor

100 Information Technologies
and Computer Science
students in the Philippines.

Identification of
underperforming students.

Student age, gender, academic
standing and procrastination
indicators: time spent using
social networks and playing

online games.

SVM, KNN, RE. SVM
had the best
performance.
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Reference Date Type Scenario/Context Prediction Goal Input Data Algorithm(s)
An extension of Student Data used by the basic version
Brown et al. [30] March EWS Explorer EWS. Tfasted with 987  Students’ risk of failing a of.St.udent Ex.plorr.er, plus Binary log1st1c
2018 students in an introductory course. difficulty estimations of regression.
programming course. concurrent courses.
RF, BART, XGBoost,
Howard 136 students in a Practical R:ssgl;;%f ‘;\;ee}lfilgi’f:;z;:tz;iu PCR, SVM, NN,
April 2018 EWS Statistics course at University Final grade in the course. srap - Splines, KNN. BART
etal. [33] . and access to online course
College Dublin (Ireland). had the best
resources.
performance.
Classification of students
into “successful” and “not
. . Around 1100 calculus and successful” categories. Results of weekly oo
Hirose [15] July 2018 Predictor algebra students in Japan. Estimation of students’ multiple-choice tests. KNN classifier.
abilities using item
response theory.
Linear regression, RF,
instance-based
Tsiakmaki July 2018 Predictor 592 Business Administration Final grade in second Final scores of first semester regression, M5, SVM,
etal. [17] y students in Greece. semester courses. subjects. GP, bootstrap
aggregating. RF had
the best performance.
. 600 freshmen students at a .- Stress indicators obtained from  Structural equation
Amirkhan and . . . . o Prediction of performance . .
July 2018 Predictor major public university in the o mid-semester surveys, as well modeling, path
Kofman [22] and dropout probability. . . g
USA. as demographic information. analysis.
1919 business students at a Cumulative GPA at the end D emograPhlc a.nd .
Trussel and November . . . o socioeconomic attributes, OLS regression,
Predictor ~ public university in Tennessee  of the degree program and . L .
Burke-Smalley [20] 2018 . . performance in pre-college logistic regression.
(USA). academic retention.
stage.
.99 students enrolled in an Earliest possible reliable Assignment results in a RF, Naive Bayes,
November . introductory mathematics . b . KNN, and LDA. RF
Umer et al. [13] Predictor identification of students at  continuous assessment model,
2018 module at an - iy had the best
risk of failing the course. as well as LMS log data.
performance.

Australian university.
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Reference Date Type Scenario/Context Prediction Goal Input Data Algorithm(s)
Grades, attendance and D.eC.IS.IOIl tree,
Risk assessment of engagement indicators, as well artificial neural
November 1712 students from Hangzhou . 98 " . network, Naive
Wang et al. [34] EWS . . > students regarding dropout  as records from the university M
2018 Normal University (China). . : . . Bayes. Naive Bayes
and delays in graduation. library and dorm in order to
. . had the best
monitor student habits.
performance.
Learning Analytics Dashboard
. for Advisors (LADA) EWS, , . Student grades, courses
Gutiérrez December . o Students’ chance of passing . .
EWS deployed in two universities: a booked by a student, number ~ Multilevel clustering.
etal. [31] 2018 . a course. .
European one and a Latin of credits per course.
American one.
Classifiers: NN, RF,
decision tree, Naive
Bayes, tree ensemble,
and logistic
Adekitan and February . 1841. engineering student§ ata  Final grade p01r}t average - lative GPA over the first  Tegression. Logistic
Predictor Nigerian higher education (GPA) over a five year regression had the
Salau [18] 2019 Lo three years of the degree.
institution. program. best performance.
Additionally, linear
and quadratic
regression models
were tested.
EWS deployed at Vrije
Plak et al. [37] March EWS Universiteit in Amsterdam Identification of Progress indicators, such as Generalized additive
' 2019 (Netherlands), tested with 758  low-performing students. grades or obtained credits. model.
students.
. Custom co-training
Student demographics and method. usin
1073 students in an academic achievements; and combinaltions i ¢
Kostopoulos April 2019 Predictor introductory informatics Ide.ntlflcatl(.)r} of studentsat ~ LMS actlv1t¥ 11i1d1ca.tors. The KNN, Extra Tree, RE,
etal. [14] module at a Greek risk of failing a course. data were divided into two GBC. and NB as
open university. views in order to use a ! .
underlying

co-training method.

classifiers.
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Prediction Goal

23 of 26

Input Data Algorithm(s)
Comparison of 13

Reference

Date

Type Scenario/Context

different algorithms.
RF had the best

Akcapinar
et al. [36]

May 2019

90 students in an Elementary
Informatics course at an Asian

EWS
university.

Identification of students at
risk of failing the course.

performance when
using raw data.
However, NB
outperformed the
rest when using
categorical data.

Data from the e-book
management system BookRoll:
book navigation, page
highlighting and note taking.

Indicators of regularity and

Jovanovic
etal. [19]

June 2019

First year engineering course
at an Australian university
using the flipped classroom
model. Tested during three

consecutive years, with a
number of students ranging
from 290 to 486 each year.

Predictor

Final grade in the course.

performance related to
pre-class activities. These
activities included videos with
multiple choice questions as
well as problem sequences.

Multiple linear
regression.
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