Available online at globets.org/journal I J E T S

International Journal of Education, Technology and Science  International Journal of
Education Technology and
3(3) (2023) 427-453 &Y

Science

Globets

A SCOPING REVIEW OF THE “AT-RISK” STUDENT LITERATURE IN
HIGHER EDUCATION

Colin Chibaya® *

@ Sol Plaatje University, South Africa

Received: 22.05.2023 Revised version received: 19.07.2023 Accepted: 20.07.2023

Abstract

Higher Education Institutions have a strong desire to meet the goal of producing quality
graduates. It is important for them to understand their student population to provide equal
opportunities for diverse groups, including "at-risk" students. A scoping review of literature
was conducted to understand the concept of "at-risk™ students in Higher Education Institutions.
The objectives of the study were to identify common categories of "at-risk" students, analyze
the methods and variables used to study this topic, and understand the key factors and
approaches used in this research. Literature was selected using the PCC framework and the
JBI protocol and screened using the PRISMA-ScR framework. A total of 84 articles out of
1961 were eligible and included in the review. The results showed that there is a lack of
research on "at-risk™ students in Africa, but significant growth in related research in America,
Europe, and Asia. Key findings include the importance of academic data and the use of
statistical and machine learning methods. The factors that put students at risk are often linked
to high school education, and ethnicity, gender, and location also play a role. Higher
Education Institutions should implement interventions to address students' psychosocial well-
being to create a supportive learning environment. This review is expected to provide insights
for addressing similar challenges in the African context.
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1. Introduction

A scoping review on the topic of "at-risk™ students in higher education can provide a
comprehensive understanding of the current knowledge base and research landscape
related to this population of students. It includes the definition and identification of "at-
risk" students together with the factors contributing to their risk, and the interventions and
programs being implemented to support them. The purpose of this scoping review is to
identify gaps in the existing literature to inform future research directions, policy, and
practice to better support students.

Higher Education Institutions pay close attention to research on "at-risk" students,
over other vulnerable groups, for various reasons. Traditionally, Higher Education
Institutions prioritize comprehensive understanding of their diverse student population,
including "at-risk™ students. They commonly aspire to improve completion rates, closing
achievement gaps, preventing dropouts and failure, while fostering inclusive and
supportive learning environments where equity and success are emphasized. To achieve
these aims, Higher Education Institutions work to identify and address specific student
needs, promoting equal educational opportunities and supporting academic and personal
growth by reducing emotional stress. This study conducts a scoping review to understand
the factors that distinguish "at-risk™ students, to help Higher Education Institutions better
prepare for their future student cohorts. Additionally, understanding the literature on "at-
risk” students has a bearing on researchers. It can provide clearer criteria for selecting
relevant reading material and advancing research in this field. This can facilitate synthesis
and integration of findings and support systematic and meta-analysis. A comprehensive
understanding of the term "at-risk" student may also inform appropriate search strategies
and screening methods to better understand these student populations. In light of this, a
scoping review is, therefore, about the synthesis of research that aim to map literature on a
selected topic to the identification of the population of articles, the key concepts, and the
context of the knowledge domain thereof [1]. It explicates the evident gaps in the
knowledge domain while pinpointing common characteristics of the available evidence.

This study defines an "at-risk" student from an academic perspective as one who is
likely to dropout, stop-out, burn out, or fail to complete their higher education program [3].
A dropout is someone who permanently quits without earning a degree [9]. A stop-out
temporarily stops with intent to return [9]. Burning-out is a response to stress through
exhaustion and low productivity [14]. Failing is when a student completes a program but
does not meet the set performance standards [9]. Understanding the concept of "at-risk™
students is important for Higher Education Institutions to learn from one another. It
supports the motto adopted by most Higher Education Institutions during the COVID — 19
pandemic that “no one should be left behind”. Most importantly, understanding this
concept will likely inspire further research towards institutional success.

The literature on "at-risk™ students in higher education identifies several categories of
indicators, including low pre-entry marks into Higher Education Institutions [14], poor
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grade point average at entry level [17], or muffled interview scores at entry into Higher
Education Institutions [18]. Some indicators connote prior experience before entry into
Higher Education Institutions [17], prior acquaintance with the chosen program and career
goals [19], or prior intention to dropout [21]. A lot more indicators suggest dwindling
performance in tests after enrolling into Higher Education Institutions [17, 38], negative
behavior during classes [21], extended exhaustion levels during lectures [19], the general
extent of satisfaction with education [21], little effort exerted on tasks [21], poor study
skills, as well as poor attendance [11], and poor participation in class [13, 20]. Other
factors that mildly feature as indicators of “at-risk” students include lack of student support
strategies [17] at institutional levels, students’ demographics [17], problems related to
resource allocation [33, 38], other educational barriers [13], emotional intelligence [34,
35], and learning behavior [36, 37] of the student. Institutional strategic plans [24, 25, 28]
and decision-making approaches [24] are also singled out. It is alluded that Higher
Education Institutions that lack proper strategic planning veiledly marginalize [13] and
stigmatize [26] “at-risk™ students.

Early intervention is highly regarded as the prominent way to assist “at-risk”
students. Evidence supports the premise that identifying an “at-risk” student early
simplifies the identification of the barriers which the student needs to overcome [2]. In
fact, implementation of individualized support programs increases the probability of
student success, especially when the causal factors for being at risk are correctly identified.
More so, use of individualized support programs such as student counselling or peer
tutoring promotes the sharing of “at-risk” students’ specific risk information which can
facilitate timely intervention [39] at a lower cost [40]. Thus, when attempting to
understand "at-risk™ students, focus should rather be on getting to know the student before
attempting to solve the underlying challenges. Although direct intervention programs
dominate the list of remedies for being at risk, some literature also connotes indirect
interventions as tantamount, such as the need for the proper sequencing of courses and
logical arrangement of the content covered in the courses that put students at risk [41].
Although indirect intervention influences the performance of students, especially in
Science, Technology, Engineering, and Mathematics (STEM) degrees [41], proper
intervention follows appropriate identification of the main causes of students being at risk.
Many institutions are focusing on student data to improve success rates and identify "at-
risk" students proactively. The goal is to reframe and broaden the understanding of "at-
risk™ students and address the factors that put them at risk equitably. This scoping review
summarizes research on "at-risk" students, highlighting variations in research design,
participants, standards, and findings. The aim is to understand the evidence and its data
basis.
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1.1. Objectives

Three objectives summarize this scoping review in the sequence they are presented
as follows:

e The study identifies prevalent categories of “at-risk” students in the context of
Higher Education Institutions. It is crucial to comprehend the concept of "at-risk™ students
in higher education to identify potential hurdles and ensure their success and retention
through support. This helps to ensure equal educational opportunities and improve
outcomes for underrepresented or disadvantaged student groups.

e The study also pinpoints the aims, analytics tools, variables, and methods
insinuated when the topic on “at-risk” students is tabled. It is important to pinpoint the data
analytics tools used in identifying "at-risk™ students because these tools will affect the
accuracy and effectiveness of the identification process. Choosing the right tools can help
ensure that relevant data is collected and analyzed, leading to more accurate and actionable
insights about which students may be struggling. This can inform targeted interventions to
support these students and improve their outcomes.

e The study also seeks to understand what matters, where, when, and how so, when
this topic on “at-risk” students is studied. Knowing this is important when discussing "at-
risk™ students because it allows for a more targeted and effective intervention plan while
also determining the root cause of the risk factors. Such an understanding helps allocate
resources more effectively while enabling the tracking of progress and success.

1.2. Research Questions

Three research questions are aligned to the given objectives as follows:

¢ RQ1: What is known from the existing literature about at-risk students in
higher education?

¢ RQ2: What is the nature of the evidence relevant to the provision of interventions
for at-risk students?’ and

¢ RQ3: What types of methodologies have been reported that seek to evaluate At-
Risk students, and what approaches have been used to improve at-risk students in higher
education?

The achievement of these three objectives and the response to the research questions
would validate the hypotheses and theories in the literature. It will improve our
understanding of 'at-risk’ students while also generating new knowledge and advancing the
field. This is because they identify the different types of evidence that are accessible in the
literature about "at risk" students and the important traits or components that pertain to the
idea of a "at risk" student, henceforth they are ideally suited for scoping reviews.
Furthermore, this may create the potential to identify gaps in the literature on 'at risk'
students and, therefore, present opportunities for further research aimed at promoting
social justice in higher education institutions while driving data-driven institutional
planning.



Chibaya/ International Journal of Education, Technology and Science 3(3) (2023) 427-453

1.3. Overview

The rest of the article proceeded as follows; section 2 presents the methods we
followed in completing this scoping review, emphasizing how the PCC (Population,
Concepts, Context) framework fits into this study in guiding the selection of literature that
befit the concept and context of “at-risk” students in Higher Education Institutions. The
eligibility criteria, information sources, search strategy, screening procedure, and how the
summaries were drawn are also described in this section 2. Section 3 presents the results
which report the findings. The discussions follow in section 4, before we draw the
conclusions in section 5, highlighting the main contributions of the work, and the direction
for further studies.

2. Materials and Methods
2.1. The PCC framework

The thrust of this study was to categorize research on "at-risk" students in Higher
Education Institutions through a scoping review. A search strategy was proposed to
identify relevant studies on the topic. The study used the PCC (Population, Concept, and
Context) framework, which outlines a plan for determining relevant information in a
population of studies [31]. This approach helped identify the common categories of "at-
risk" students in Higher Education Institutions. The search strategy defined by the PCC
framework filtered relevant articles based on the Higher Education Institutions setting. The
definition of "at-risk™ students was demarcated to academic risk, which include students
who may be at risk of dropping out, stopping out, burning out, or failing from a Higher
Education Institutions perspective. A scoping review on "at-risk" students should focus on
academic risks because the term "at-risk" typically refers to students who are in danger of
not succeeding academically, mainly due to learning difficulties. Also, this is the only
domain of “at-risk” students that Higher Education Institutions can directly mitigate. By
focusing on academic risks, this scoping review provided information about the specific
challenges faced by students in the classroom, as well as potential strategies and
interventions that can be used to support these students’ academic success. Other forms of
“at-risk” students are outside the scope of this study because Higher Education Institutions
may not have the capacities, resources, and expertise to remedy the situation, such as
financial risk, psychological risk, social risk, physical risk, and personal risk. This study
emphasizes evidence that characterize the population, concept, and context of students
under the academic risk domain.

2.2. Inclusion and exclusion criteria

The Joanna Briggs Institute (JBI) scoping review protocol [8, 31] was adopted,
where those articles characterized by the keywords identified as top trending categories of
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“at-risk” students (see Table 2 below) were nominated. The JBI protocol maps and
summarizes the extent, range, and nature of existing research on a particular topic, to
identify gaps and inform future research. Concepts such as intervention, at-risk, failing,
dropout, stop-out, burn out, performance, and success were designated to define the
relevant articles for this scoping review. While the key concept remained the term “at-risk”
student, the context, conversely, was persistently about students in the academic risk
domain, those characterized by being at risk of dropping out, stopping out, burning out, or
failing in Higher Education Institutions. Thus, academic performance was an important
parameter and factor throughout [27]. In this case, Higher Education Institutions refers to
universities because the scope of the review is limited towards influencing institutional
change and social justice at this level.

Inclusion also considered articles that were from peer-reviewed conferences and
journals. Only those articles that were published in English were contemplated because of
our English proficiency and the likely wider audience and distribution of English-language
content. Similar studies can be conducted on articles in other languages. Articles were
sampled from the EBSCOhost and ScienceDirect databases, soliciting articles that were
published after the year 2010. These two databases are large enough to provide a
significant sample of articles, including a diverse collection of articles and journals, and
are filtrable for refined results that can be mapped to envisaged outcomes when more
databases are considered. The ability to access full-text articles, organize, and cite them
further intrigued us to utilize these databases. Moreover, updating these databases with
fresh content and peer-reviewed sources is straightforward.

Focus was on articles published after the year 2010 to reflect more recent
developments and advancements in the field, and provide updated information, data and
analysis that are not available in older articles. Besides incorporating newer technologies
and methodologies that could impact our research, articles less than twelve years old may
address current challenges and issues that were not present before. Although this does not
mean that older articles are ignored, including recent articles can help ensure that our
research is up-to-date and relevant. The deep inner type of the articles reviewed was not of
interest. Therefore, review articles, conceptual papers, theoretical articles, or empirical
quantitative and qualitative studies were all relevant. To ensure quality, an iterative
approach was adopted which allowed repeated refinement of the inclusion and exclusion
criteria. Thus, articles went through several iterated screening rounds before we generated
the final list of relevant literature. The research team members subjected the disputed
categories to round-robin evaluations until they arrived at a consensus. Sometime, detailed
manual scrutiny of the full texts of the articles were pondered on as the last resort.

2.3. Search process

We used the litsearchr R package [28] to facilitate quick, objective, and a
reproducible search process based on text-mining and keyword co-occurrence networks
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[28]. This search process minimized possible bias in the selection of relevant articles by
limiting reliance on subjective and predetermined factors. Use of an automated search tool
improved search recall by exploiting the identification of synonymous terms that research
team members would otherwise manually miss. Also, automation of the search process
took away the likely bias of researchers typically selecting keywords based on their own
knowledge without specifying how the search process was administered [10]. Such bias
instigates irreproducibility because it would be hard to recall the subjective procedures
followed. Also, an automated tool is faster, efficient, consistent, and accurate in data
retrieval. The tool has large scale search capabilities and ability to search multiple
databases simultaneously, systematically, and comprehensively. This can save time and
effort compared to, otherwise, manual search. The following search query, embedded in
the proposed search tool, was key in mining relevant studies from the EBSCOhost and
ScienceDirect databases.

(students ™ at-risk  (fail stop-out Vburn-out V drop-out) ™ (university vV college))

The validity of this search query was verified with the help of an experienced
librarian to improve the accuracy and relevance of the search results. Librarians have
training in researching and have access to a wide range of resources and databases, which
can aid in identifying the most effective search terms and strategies for a particular topic.
They can refine and narrow the search, ensuring that the results are focused and relevant to
the research question. Consultations with content experts in the field of student success
were also considered to triangulate the meanings drawn from the searched literature, as
well as to enhance rigour and reliability in the search process. Content experts were also
valuable in identifying additional literature thatwas hard to identify through other
means. The technical syntax that brought up the critical aspects of interest in the search
was developed from the search query to produce the following search strategy:

"\(\(\"at-risk student ”\v\"at-
risk "\(dropoutV stopoutV burnoutV fail)(collegeV universit\)\)"

Executing this search strategy produced a list of articles which were then subject to a
targeted screening process, as outlined in the following section.

2.4. Screening of articles

The standard procedure for verifying scientific material is through manual screening.
Generally, this screening can be split into several steps, including screening articles by
title, abstract or physically going through the full text of the article. In our case, we
automated the screening process by developing a tool using the revtools R package [16]
that supports evidence synthesis by importing bibliographic data from the EBSCOhost and
ScienceDirect databases. The revtools R package was used to find duplicates and remove
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them ( i.e., deduplicating bibliographic data). Furthermore, the tool was used for title and
abstract screening. Additionally, the tool was custom-built to perform advanced screening
of duplicate items that would have been missed by using topic modelling. In using the
revtools R package, we were guided by the PRISMA-ScR framework [15]. PRISMA is an
acronym for Preferred Reporting Items for Systematic reviews and Meta-Analyses [15],
while ScR stands for Scoping Review. This is a tool to help authors, editors and reviewers
evaluate the quality and reporting of systematic reviews to ensure completeness,
transparency, unbiased opinion, and promoting best practices in the reporting of systematic
reviews. In this case, the PRISMA-ScR framework facilitated the construction of a flow
diagram that shows how screening was undertaken through the different stages. The flow
diagram mainly reported the numbers of articles considered, included, and excluded in
each step, together with the reasons for inclusion or exclusion.

2.5. Data charting process

A standardized data extraction template that followed the PRISMA-ScR format was
created as part of the data charting process. Data charting in a scoping review has several
benefits including visualization of data, identification of patterns, comparison of results,
facilitation of data synthesis, and improved accuracy. Overall, charting simplify, clarify,
and synthesize information, leading to improved understanding and decision-making. We
indicated that the population of articles that met the inclusion criteria for the concept of
“at-risk” student in the context of failing, dropping-out, stopping-out, or burning-out in
Higher Education Institutions, together with the details of those articles in terms where the
studies were conducted, when, why, with who, how, and so what, were the key results of
interest. The value of extracting these details was to establish the likely knowledge gaps to
explore in further research on tailored or contextualized studies on “at-risk” students, for
example, in our own Higher Education Institution. The information gathered also aimed to
paint a comprehensive picture of the important factors to consider when exploring the
problem of "at-risk" students, including the areas where this has been a topic of concern,
the timing, reasons, and methodology behind it. The primary means of presenting the likely
gap maps was through the use of figures, diagrams, charts, and tables [12]. The expected
outcomes were organized by region, objectives, study participants, year of study, methods
used, data analytics tools employed, and the resulting findings.

2.6. Data items

The focus of this scoping review was on the twelve variables listed in Table 1. These
are the key features upon which literature was synthesized and characterized. It is hoped
that the abstraction of these variables from the studies that met the inclusion criteria for
this scoping review will provide a clearer and more comprehensive understanding of the
key factors to consider when studying the topic of "at-risk™ students, including where it is
most relevant, when, why, and how. This information will be valuable as a foundation
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before embarking on more tailored research within the context of our own higher education

institution.

Table 1. Variables that characterized relevant literature.

Variable Description

Author This variable investigated the details of the authors, focusing on their names. The
hope was to identify father-figures in this research area.

Country The variable solicited the country or countries where the study was conducted or
located. This would give an indication of where an understanding of “at-risk” students
has been of interest.

Year of This variable sought the year in which the study was done and published, thus giving

publication an indication of how current the study was.

Educational This variable was used to capture the nature of the Higher Education Institutions from

setting which the participants were sampled. Our study focused on conventional university or
blended settings.

Aims In each study that met the inclusion criteria, we sought the key aims and objectives
that the addressed. This variable would give insights of “what mattered?”” and “why
507",

Study design This variable sought to capture the type of study such as case study, survey,
systematic review, qualitative, quantitative, etc. The purpose of this consideration was
to respond to the “how?” aspect when attempts to understand “at-risk” students were
made.

Study This feature was used to indicate whether the study focused on all the students in the

population institution or focused on a particular group of students, for example first years, or
students in a particular program, or course, etc. This variable sought to respond to the

“with what?” aspect of the studies.
Features This variable extracted the characteristics of the data that was collected about the

participants and how that data was useful in the study. Some examples of the features
prevalently collected included students’ gender, high school background, academic
performance, marks, etc. This aspect also sought to respond to the “with what?”
question of each study.

Data analytic
tools

This variable was used to capture the approach that was embraced for data analysis.
The common analytical tools ranged between statistical methods, machine learning
tools, and logistic regression models. Similarly, this variable contributed to the “with
what?”” agnect of the stndv

Interventions

This variable was used to capture the remedies that were proposed for reducing or
mitigating being at risk. Precisely, this variable sought answers to the “so what?”
question in each study.

Key findings In pursuit of answers to the “so what?” question, this variable was used to record the
key findings and the main conclusions drawn from each study. Hopefully, the
collection of these findings will inform the meaning of the anticipated outcomes in
future related studies.

Limitations This variable captured the limitations reported from each study, if there were any.

Important in this case was to give a picture of the challenges commonly encountered

when studies on “at-risk’ students are undertaken.
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3. Results
3.1. Selection of evidence

Fig. 1. PRISMA-ScR flow diagram
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The PRISMA-ScR flow diagram in Figure 1 summarizes the articles included and
excluded, along with the reasons for their inclusion or exclusion. The PRISMA-ScR aims
to identify articles addressing the issue of "at-risk" students in higher education
institutions. The study used a litsearchr-based search query to extract 1918 articles from
the ScienceDirect (1101 articles) and EBSCOhost (817) databases, with an additional 43
articles being added through random search (28 article), recommendations from content
experts (3 articles), and citation search (12 articles). The final scoping review population
consisted of a total of 1961 articles.

The first revtools screening that de-duplicated article using titles resulted in 139
studies being dropped. An additional five articles were eliminated through a subsequent
revtools screening using abstracts. Six other articles were excluded as they did not align
with the key concept and study context. The application of revtools screening with a focus
on topic modeling resulted in the elimination of the largest number of articles (1560
articles). In this context, topic modeling is a statistical technique for discovering abstract
topics or themes in large collections of text documents. The goal of topic modeling is to
identify latent topics that are present in a corpus of text and to discover relationships
between the documents and the topics. This allows for grouping of similar documents and
the automatic organization of large text collections into topics.

The remaining 220 articles were reviewed manually by the members of the research
team. During the process, full texts for 53 articles were unavailable, reducing the number
of traceable studies to 167. These articles underwent further manual screening to verify
that their content aligned with the concept and context of "at-risk™ students in Higher
Education Institutions . During this stage, 27 articles were rejected as their participants
were outside the scope of higher education institutions. An additional 11 articles were
excluded as they centered on nursing students in non-degree-granting colleges. Six more
articles were discarded due to being written in a language other than English. Thirteen
more articles were also not included as they dealt with different forms of risk, such as the
risk of discontinuing medication or quitting other programs unrelated to education. During
the full-text review process, duplicate articles were identified, and 7 articles were removed
that were missed by the revtools application. Additionally, 8 articles were discarded as
they covered the same participants as other considered articles. Finally, 11 articles were
not included in the study because they had a different definition of "at-risk" students. As a
result, only 84 articles were deemed relevant studies and served as the foundation for the
findings, discussions, recommendations, and conclusions of the study.

It is worth mentioning that the key takeaway from this screening process is that while
automated literature search (facilitated using the litsearchr tool) generates a large number
of studies for scoping reviews, automated screening (expediated using the revtools
application) offers speed, efficiency, objectivity, and accuracy in the screening process.
The use of automated tools is therefore a valuable methodological contribution in this field
of knowledge.
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3.2. Characteristics of the sources of evidence

In seeking for answers to the question about pinpointing the predominant aims,
analytics tools, variables, methods, and the interventions insinuated when the topic on “at-
risk” students is presented, literature highlights the common factors that determine if a
student is at-risk as including academic performance [17, 18], prior learning experiences
[17, 19, 21], pre-entry expectations [30], personal behavior [11, 17, 20, 21, 38], and to
some extent, the student's social environment [17]. It is believed that the presence of these
factors in a student's profile indicates a high likelihood of poor educational outcomes [11].
These factors significantly impact academic performance. For example, supportive family,
friends, and teachers, can provide motivation and encourage students to work harder and
achieve their full potential. On the other hand, negative social influences, such as peer
pressure, bullying, and lack of support, can have a detrimental effect on a student's
academic performance, causing stress, low self-esteem, and lack of motivation. In addition,
the quality of education, resources, and opportunities available in a student's community
can also play a role in their academic performance. Generally, an “at-risk” student would
predominantly demonstrate challenges with internalization and externalization of learning
content [11]. It's worth noting that students who are considered "at-risk" will likely need
intervention programs for their success [19]. These interventions should mainly focus on
peer mentorship, tutoring, group studies, and improving the campus culture. The impact of
non-academic factors such as the student's socio-economic background, childhood
experiences, and family circumstances is not given much attention [29].

Table 2 categorizes the most significant trending topics and factors related to "at-
risk" students in literature. Summaries indicate that the articles used varying terms to refer
to these dominant factors. For instance, the "Grades" category encompasses factors like
final exam grades, test scores, major exam marks, formative test marks, predicted grades,
and prior grades. On the other hand, the “Academic” category includes factors such as
academic record, motivation, support, success, performance, background, as well as
academic integration. Despite this, the idea of "Grades" as a risk indicator was prevalent,
with 53.8% of the articles identifying it as a factor. Other frequently mentioned concepts
were "Academic” (28.6%), Gender (18.7%), GPA (13.2%), Age (12.1%), Data (11%),
Course (9.9%), Race (9.9%), Study (7.7%), Support (7.7%), Time (7.7%), Semester
(6.6%), Scores (5.5%), Education (5.5%), and Parent (5.5%). This finding aligns with the
prominence of grades as the top trend for "at-risk™ students, as reported in [17, 18].

Figure 2 shows the commonly used terms to describe "at-risk" students, with terms
such as dropout, poor performance, student at-risk, failing, and success standing out. Other
frequently occurring terms include academic achievement, attrition, and burnout. The
literature on "stopping out” is limited. This is in line with the results from topic modeling
of the dominant variables that identified the top trending factors for being at-risk. The
observation of a gap in the literature on students at risk of stopping out presents an
opportunity for further research and is a valuable contribution to the existing body of
knowledge.
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Table 2: Top trending categories of the variables

Category (N =84) Factors/VVariables

Grades 53.8 Final exam grades, exam scores, major test marks, marks in
formative tests, predicted grades, prior grades, grades in core
courses, expected course grade, grade(s), secondary school
grades, quiz scores, exam scores, homework scores

Academic 28.6 Academic records, academic motivation, academic support,
academic success, performance, background, academic
integration

Gender 18.7 Sex

GPA 13.2 GPA

Age 12.1 Age

Data 11.0 Learner and learning data, administrative data, enrolment
data, activity data, trace data, system data, learning
management data

Course 9.9 Course code, course load, key courses, course observations,
course non-completion, course credits, course status,
Expected course grade, professor of the course, core courses

Race/ethnicity 9.9 Race, race/ethnicity

Study 7.7 Study time, study skills, study program, field of study,
study results, study group, work-study

Support 7.7 Educational support, peer support, parental support, family
educational support, extra educational support

Time 7.7 Interaction time with content, free time, time management,
study time, travel time

Semester 6.6 End of semester survey, semester enrolled,

Scores 5.5 SAT scores, ACT scores, University Entry scores,

Education 55 Prior education, education values, education system, prior
schooling

Parent 55 Parent relationships, parent occupation, parent education
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To address the question of timing of studies (when?), Figure 3 shows the distribution
of articles in this scoping review that were published between 2010 and 2022. Globally, the
efforts to comprehend "at-risk" students are rapidly increasing. This increase may be due to
a heightened appreciation for the positive impact that higher education institutions can
have by gaining insight into their students. Most institutions that seek to understand their
students often achieve good student success rates [17]. They seem to plan better and make
data-informed decisions. However, the focus on this important issue is particularly
noticeable in Europe, America, and Asia. Regions such as Africa are lagging (see Figure
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4a), ostensibly calling for immediate intervention. This observation of the timing and
locations where the topic of "at-risk" students has been of interest highlights another area
worthy of exploration. Further research on "at-risk" students in regions like Africa is
urgently needed.

To comprehend the reasoning behind studies on "at-risk™ students, most articles
focus on data analysis, evaluation techniques, or predictive models (as depicted in Figure
4b). Typically, the objective is to drive institutional progress towards undergraduate
student retention and success. There are numerous other reasons for exploring "at-risk"
students that can be studied in future. Although a significant portion of the literature
concentrates on developing analytics, predictive, and evaluative models to identify "at-
risk" students (as seen in Figure 4b), comparative studies to determine which model
produces the most reliable results are scarce. This may be because the field is still in its
early stages and such comparative studies may emerge in the future.

There is also very limited literature on research focusing on "at-risk" students in
post-graduate studies (as shown in Figure 4d). Most studies usually target first-year
students as participants, unless all students in the chosen higher education institution
context are taken into account (as shown in Figure 4d). This may be due to the fact that
first-year student cohorts often have the highest number of "at-risk" students. Another
reason may be that the transition from high school to university is commonly seen as
significant, making first-year students more in need of support than senior students. The
fact that research on "at-risk™ students in post-graduate studies is lacking is another gap to
explore and a contribution from this study.

Data-driven methods remain popular due to the insights generated from multiple data
analytics tools. Research in the form of surveys, case studies, experiments, and cross-
sectional studies is also prevalent, as demonstrated in Figure 4c. However, more advanced
data analytics models are preferred for making it easier to extract insights from the data
collected from various information systems that institutions often use. This is likely to
continue as the trend in future studies. These data analytics tools can be grouped into four
broad categories (statistical methods, machine learning techniques, data mining
approaches, and qualitative methods), as depicted in Figure 5. Statistical methods were the
most preferred and used about 50% of the time. These methods included survival analysis,
confirmatory analysis, descriptive statistics, logistic regression, multiple linear regression,
cox regression, and analysis of variance. Contrary, machine learning techniques are also
prevalent, accounting for roughly one third of usage. Commonly used machine learning
methods include decision trees, artificial neural networks [45], naive Bayes, K-nearest
neighbor, support-vector-machines (SVM), and various Ensemble techniques.
Furthermore, data mining techniques and qualitative methods are also frequently used,
accounting for approximately 6% and 12% respectively. Some studies utilize more than
one data analytics too.

Table 3 showcases the format of the data collected for each included article. The full
dataset along with all sources of evidence is available as supplementary material in a
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separate spreadsheet.

Frequency of use

M Stati stical Methods
B Machine Learning
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Fig. 5: Distribution of articles by the data analytics tools used.



Table 3: Format of data collected for each article.
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4. Discussion

RQ1: What is known from the existing literature about at-risk students in higher
education?

This scoping review produced multiple results, with a recurring suggestion that low
secondary school knowledge and low motivation to study can increase the risk of student
dropout [42]. Students with low secondary school knowledge can enter university through
various means such as remedial or catch-up programs offered by the university to help
students improve their skills and knowledge in specific subjects before beginning their
regular coursework. They may also enter university through alternative admission
programs that allow students to demonstrate their ability to succeed in university through
their life experiences or other non-academic qualifications. Some institutions offer
conditional admission, where the student is admitted to the university on the condition of
meeting certain academic standards within a specified period of time. In some cases, a
student may just meet the academic requirements for admission to the university and
enrolls in regular coursework. On the other hand, there can be a number of reasons why a
student may demonstrate low motivation to study, including mere lack of interest in the
subject or course material, difficulty with the coursework or feeling overwhelmed by the
academic demands, personal or family issues that are affecting their ability to concentrate
or focus on their studies, financial difficulties or work commitments that limit their time
and energy for school, poor teaching or lack of support from instructors, negative prior
experiences with education or a lack of confidence in their ability to succeed, and social or
peer pressure to prioritize activities outside of school. Thus, it is important to note that
every student is unique and may have a combination of factors contributing to their low
motivation to study. Identifying and addressing the root cause of low motivation can help
students overcome the challenges and be successful in their academic pursuits.

Being deeply invested in one's challenges can decrease the risk of a student dropping
out or experiencing burnout. For example, having a positive attitude and strong
commitment, combined with factors that determine cognitive abilities, demonstrate the
impact of conscientiousness in reducing the likelihood of dropping out. Having self-driven
motivation and effective time management skills are strong indicators of success and
achievement. Similarly, there is a strong relationship between having limited high school
knowledge and increased likelihood of intending to drop out, dissatisfaction with
education, high levels of academic fatigue, and low expectations of graduating [4]. Low
dropout rates are often associated with students who are involved in social groups [43].
Notably, funding difficulties can insinuate the impact of the student’s geographical
location and ethnicity.

RQ2: What is the nature of the evidence relevant to the provision of interventions for
at-risk students?’

Additionally, research suggests that interventions that provide personalized attention,
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such as peer tutoring, group work, and individual counseling, are more effective. Adopting
the use of early warning systems speeds up identification of students at risk. These systems
strive to improve metacognitive awareness, self-awareness, and self-regulation, as well as
track students' activity logs on learning management systems. That alone may simplify
early prediction of “at-risk” students.

One persuasive argument is for institutions to identify courses that have a high
failure rate and to assess the course material, evaluation tasks, and lecture plans to
determine the perceived level of difficulty. In certain situations, it is suggested that
instructors implement strategies to motivate students, such as providing prompt feedback
on assignments. Furthermore, interventions that concentrate on students' psychosocial
well-being and emotional intelligence are highly regarded and recommended. In this case,
emotional intelligence is important for students as it helps them understand and manage
their own emotions, leading to better communication, stronger relationships, and improved
problem-solving abilities. Emotional intelligence can also help students cope with stress,
build resilience, and make more informed decisions, which can all lead to better academic
and personal outcomes.

RQ3: What types of methodologies have been reported that seek to evaluate At-
Risk

students?

Higher Education Institutions can adopt machine learning models such as AutoML to
create the best student performance prediction models that utilize pre-enrollment data.
Using pre-enrollment data is important as it can provide valuable insights into students'
background, strengths, and potential challenges, which can be used to predict their
academic performance and identify areas that may need additional support. This
information can help institutions tailor their services and resources to meet the individual
needs of each student, which can lead to improved academic outcomes, higher student
satisfaction, and reduced dropout rates. Additionally, using pre-enrollment data can also
help institutions make data-driven decisions about student admission and retention,
allowing them to allocate resources more effectively and efficiently.

It is also recommended to use more interpretable models that give educators insight
into students' status within a course. Interpretable models can provide clear explanation of
how predictions are made and why certain outcomes are generated. This makes it easier for
stakeholders, such as educators and administrators, to understand the basis for the
predictions and to identify areas for improvement. By having a clear understanding of the
models and how they work, stakeholders can make more informed decisions and act
accordingly based on the results. In addition, interpretable models can help build trust and
credibility with stakeholders, who are more likely to accept and act on the results if they
understand the underlying processes. Furthermore, interpretable models can also help
identify any biases or inaccuracies in the data, which can be addressed and corrected to
improve the overall accuracy of the predictions. Establishing a warm, encouraging, and
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compassionate atmosphere in university study areas is essential for promoting a feeling of
belonging.

We have noticed that while the subject of "at-risk" students is receiving significant
attention, the attention to the varying interpretations of the term "at-risk™ is not distributed
evenly. There is a general bias towards understanding students at risk of dropping out or
failing based on marks. Thus, emphasis is tilted towards interventions against dropping out
or failing. Investigating the topic of students who are prone to stopping out or experiencing
burnout is a clear area for further research. Likewise, many articles focused on the idea of
an "at-risk" student in the context of American, European, or Asian higher education
institutions. Studies on this concept from an African higher education institution
perspective are tardy. It is also valuable to conduct research comparing the outcomes from
various regions for the purpose of generalization.

Similarly, what gaps exist in identifying at-risk students in higher education?
Although universities have various information systems that concentrate on collecting
academic data, information about students' mental states is not accessible. Therefore, data
about students’ prior experiences, social interactions, relationships, and other
extracurricular activities is necessary to deepen the understanding of "at-risk" students. In
this situation, there is a gap in the existing knowledge regarding the need to examine the
utilization of non-academic data to supplement the understanding of students' paths [44]. It
is equally noteworthy that little is also discussed about the assessment of most suggested
interventions. The effectiveness of these interventions in various higher education
institution settings is not well understood, and this is another gap that merits further
exploration in the future.

5. Conclusion

Examining the collection of articles that describe "at-risk™ students provided insight
into the objectives, participants, methods, variables, interventions, and data analytical tools
that can be considered when conducting similar studies. It revealed what is important,
where this has been a matter of concern, when it has been, why, and how the challenge of
comprehending "at-risk" students can be addressed in various higher education institution
settings. The scoping review provided insights into the gaps that are worth further
exploration and the apparent methods to consider when embarking on related studies.

5.1. Contribution and value of the study

We highlight three key contributions of this scoping review to the body of
knowledge:
e This research established an overview of the extensive body of literature on the
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topic of "at-risk" students in higher education institutions. The literature covers important
concepts and prevailing contexts. Future studies can build upon this foundation to examine
the diverse student populations within specific regions and higher education institutions’
settings.

e The literature was found to have several gaps, which are outlined for future
research (see future works). This realization may lead to the development of new tools and
innovative methods that are tailored to specific higher education institutions, particularly in
the African region.

¢ While this scoping review was centered on comprehending "at-risk™ students in
higher education institutions, the results provide a foundational context from which a more
comprehensive understanding of students in general can arise. Understanding students in a
broad sense is an implicit responsibility for higher education institutions.

5.2. Limitations of the study

A few challenges are observed from this scoping review which may instigate further
studies. These challenges are as follows:

e Comprehensive scoping reviews synthesize existing evidence on a particular topic,
but the vast amount of literature covered can obscure important methodological aspects,
making it challenging to define the boundaries of the studied material.

e An effective scoping process demands more time, funds, and resources that are
often unpredictable at the beginning of the study. As a result, there will likely always be
some overlooked elements, new perspectives, or post-hoc considerations to account for.

e Creating a search query that is thoroughly comprehensive, that reduces the number
of screening rounds is challenging. The need arises for more innovative automated tools,
which may be difficult to conceptualize.

¢ The final manual assessment of article validity for inclusion in the final round can
be unrealistic in certain situations, such as when the number of articles is substantial. It's
necessary to consider innovative screening methods that eliminate subjective human
factors in the process.

5.3. Future direction of related studies

Various ambitious directions for future work are envisioned from this scoping review
as follows:

e Studies to confirm an understanding of the "at-risk" student knowledge domain in
the African context seem to be long overdue.

¢ Understanding an “at-risk” student as one who would likely drop out, stop out, burn
out, or fail is shallow. This scoping review could be enriched by extending this context to
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accommodate other use cases.

e Targeting academic data to understand students is also limited. Further research is
paramount which also analyzes trace data, demographic data, and socio-economic data to
better understand the broader spectrum of the student we enroll. Precisely, it is worth
checking the extensibility of the concept of “at-risk” students to even consider institutional
aspects.

¢ Focusing on understanding “at-risk” students only at undergraduate levels is also
inadequate. More work is paramount towards holistically defining this concept across
levels, including post-graduate levels.

Data availability

The data generated and analyzed during the study is available from the
corresponding author on reasonable request.
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