
CBE—Life Sciences Education  •  17:ar42, 1–13, Fall 2018	 17:ar42, 1

ARTICLE

ABSTRACT
Higher education faces the challenge of high student attrition, which is especially discon-
certing if associated with low participation rates, as is the case in South Africa. Recently, 
the use of learning analytics has increased, enabling institutions to make data-informed 
decisions to improve teaching, learning, and student success. Most of the literature thus far 
has focused on “at-risk” students. The aim of this paper is twofold: to use learning analytics 
to define a different group of students, termed the “murky middle” (MM), early enough in 
the academic year to provide scope for targeted interventions; and to describe the learning 
strategies of successful students to guide the design of interventions aimed at improving 
the prospects of success for all students, especially those of the MM. We found that it was 
possible to identify the MM using demographic data that are available at the start of the 
academic year. The students in the subgroup were cleanly defined by their grade 12 results 
for physical sciences. We were also able to describe the learning strategies that are asso-
ciated with success in first-year biology. This information is useful for curricular design, 
classroom practice, and student advising and should be incorporated in professional de-
velopment programs for lecturers and student advisors.

INTRODUCTION
Researchers in the United States who have studied retention over a number of decades 
have aptly noted that student success is a complex puzzle (Baird, 2000; Bean and 
Eaton, 2000; Braxton, 2000; Kuh et al., 2007). Despite many research studies, models, 
frameworks, and interventions based on the findings from this research, U.S. institu-
tions have experienced slow growth in graduation rates. One notable way in which the 
college system in the United States has approached the student retention and success 
puzzle is the use of analytics to transform data into actionable information that could 
be used to move the needle on student success indicators.

It is widely acknowledged that, across the higher education sector in South Africa, 
the level of attrition at first-year level is high, overall completion rates are low, and the 
majority of students do not complete their degrees in regulation time (Scott et al., 
2007). In South Africa, the higher education system comprises universities and univer-
sities of technology where students can study for a bachelor’s degree and continue to 
postgraduate level. According to the Council on Higher Education in South Africa, 
only 25% of the 2008 student intake in the sciences completed their degrees in the 
minimum regulation time of 3 years; after 6 years, only 58% of the students had com-
pleted their degrees (Council on Higher Education, 2014). Developed countries have 
similar attrition rates but are able to compensate to some extent for the losses with 
high participation rates in higher education. However, in developing countries where 
participation in higher education is low, a poor success rate leading to high attrition is 
problematic.

With the objective of identifying students at risk of failing, a fair amount of institu-
tional research over the past few years has been done to describe the student popula-
tion in South Africa in terms of demographic characteristics, including prior learning, 
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student readiness, the impact of financial aid, race, and gender, 
(Van der Merwe and Pina, 2008; Lemmens, 2010; Van Zyl et al., 
2012; Van Zyl, 2013). The purpose of these descriptive studies 
was to identify factors that affect student retention and success 
by describing the characteristics of the students who are suc-
cessful compared with those who are not.

In South Africa, as in other countries, the focus of many of 
these studies is to provide an early alert of high-risk student 
groups through the prediction of poor academic performance 
and attrition, mainly in the first year. Lacking from these 
research studies is evidence of the impact of interventions on 
student success, and from a learning analytics perspective, the 
impact on making learning more effective and efficient 
(Vuorikari et al., 2016). Vuorikari et al. (2016) point out that a 
reason for limited evidence on impact is the short time frame of 
many of the studies, specifically in Europe, and in the case of 
North America, the possible inefficient use of data by focusing 
on annual and retrospective reporting practices of student data, 
which are more associated with academic analytics (DeBerard 
et al., 2004; Siemens and Long, 2011). Another possible reason, 
albeit not as obvious, is the perpetual focus on identifying and 
supporting the “at-risk” students in many of the early-alert 
models currently used, in order to improve the retention and 
success rates of institutions (Siemens and Long, 2011; Sclater 
et al., 2016). The question thus emerges whether the primary 
support of the at-risk student group should not be expanded to 
include students whose chances of success are also dubious but, 
due to unknown reasons, are not flagged as being at risk 
through conventional early warning models. A relatively small 
investment of resources for the support of these students could 
potentially make a big difference in their prospects of success.

In 2014, the Education Advisory Board (EAB) of the United 
States defined the “murky middle” (MM) as students who are 
at risk of dropping out of university later than their first year 
(Student Success Collaborative, 2014). These students are not 
included in the category of at-risk students who are flagged for 
possible drop out in the first year; they are part of a student 
population with a grade point average (GPA) of between 2.0 
and 2.99 who progressed to the second year of study; yet a 
significant proportion of them drop out later in their studies. 
The EAB collected data from a large number of diverse Ameri-
can higher education institutions (740,000 unique student 
records from 73 institutions) and analyzed those data for 
trends and patterns that can inform the design of effective 
intervention strategies. Three findings are important for the 
MM; first, these students do not conform to the characteristics 
that are used to flag at-risk students. Second, the leading indi-
cator before some of the students drop out is not a general 
decrease in GPA but an increase in the number of courses 
failed. The MM dropouts earn roughly the same number of 
“A’s” per term, fewer “B’s” and “C’s”, but the number of “F’’ 
increases shortly before they terminate their studies. The dis-
tribution of grades in successive semesters thus shows an 
increase in the number of courses failed while still maintaining 
a GPA that will not point to the student being at risk of drop-
ping out. The third important finding is that outcomes improve 
dramatically when the downward trends in grades are reversed 
(Student Success Collaborative, 2014). Very little is known 
about this group of students other than the characteristics just 
described. However, the possibility that interventions targeted 

at these students will have a high return on investment is an 
attractive prospect.

While the concept of the MM was defined in the context of a 
very large student group at a large number of institutions, we 
propose that it can also be applied within a single course to 
facilitate analysis of student characteristics and the relation of 
this analysis to student performance. In principle, students 
enrolled for a specific course can also be divided into three 
groups: those who are at risk of failing, those who are likely to 
pass with relative ease, and those students for whom the out-
comes are uncertain (whom we also label the MM). In learning 
analytics and prediction studies, characteristics such as prior 
learning, demographics, gender, race, and financial status are 
usually used to predict performance; however, very few studies 
try to characterize students in terms of other factors, such how 
well students can regulate their learning and which learning 
strategies good students use to be successful.

Self-Regulated Learning
Self-regulated learning (SRL) is a learning theory that describes 
the self-directed processes learners use to “transform their men-
tal abilities into task-related academic skills” (Zimmerman and 
Schunk, 2001). Although there are many theoretical perspec-
tives concerning SRL (Boekaerts, 1999; Boekaerts et al., 2000; 
Butler and Winne, 1995; Winne, 1995; Pintrich, 1995; Greene 
and Azevedo, 2007), most come to the same conclusion—that 
the most effective learners are skillful self-regulators. According 
to Pintrich and de Groot (1990), there are a variety of defini-
tions of self-regulated learning. In all of them, three compo-
nents seem to be important in classroom performance. The first, 
metacognition, includes students’ strategies for planning, mod-
ifying, and monitoring their cognitions. The second is students’ 
management and control of their effort in classroom academic 
tasks (behavior); and the third is the actual cognitive strategies 
that students use to learn, remember, and understand material. 
Goals have been shown to play an important role in SRL, and 
Zimmerman (2002) states that the skills inherent to SRL include 
setting specific goals, adopting strategies for attaining goals, 
using time management skills, monitoring performance, and 
managing physical and social contexts. In a recent study, 
Sebesta and Bray Speth (2017) show that various self-regula-
tion strategies such as self-evaluation, goal setting and plan-
ning, and information seeking were associated with improved 
grades in a large biology class. Very few studies in biology edu-
cation focus on SRL as a construct in itself, they rather focus on 
aspects of SRL such as metacognition and metacognitive 
regulation.

With the SRL theory as a basis, Pintrich et al. (1991) devel-
oped the Motivated Strategies for Learning Questionnaire 
(MSLQ) to assess students’ motivational orientations and their 
use of different learning strategies. The final version of the 
MSLQ was completed in 1990 and was presented formally for 
the first time in the Journal of Educational and Psychological 
Measurement in 1991 (Pintrich et al., 1991). The MSLQ has two 
sections: the Motivation section consists of 31 items that assess 
a student’s goals and value beliefs for a course; and the Learn-
ing Strategies section includes 50 items related to a students’ 
use of different cognitive and metacognitive strategies and 
resource management. The different subscales will be discussed 
in more detail later in the paper. The MSLQ has a modular 
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design, enabling researchers to use each section separately. The 
MSLQ was developed to be course specific; however, according 
to Conley (2007), cognitive and metacognitive strategies are 
transferable. This means that successful learning strategies doc-
umented for one course in biology could also be effective in 
other biology courses, but there might be some course-specific 
requirements.

The MSLQ was chosen as the self-report instrument to mea-
sure learning strategies in our study. The MSLQ has been 
widely used in research, and a meta-analysis of these studies 
was recently published by Credé and Phillips (2011). Credé 
and Phillips (2011) indicate that total scores on the MSLQ were 
better correlated with single-course grades than with GPA. 
Research by Hilpert et al. (2013), Credé and Phillips (2011), 
and Dunn et al. (2012), suggests that the effort regulation and 
metacognitive regulation subscales should be combined, as 
they operate at the same level of analysis (executive function). 
The researchers also point out that these two subscales mediate 
motivation and academic performance. However, the other 
subscales that measure “strategy use” are not good predictors 
of academic outcomes. The relationships between MSLQ sub-
scale scores and academic performance were generally weak to 
moderate, with “effort regulation,” “self-efficacy,” and “time 
and study environment” for individual classes showing the 
highest validity. They also showed that specific learning 
approaches such as rehearsal, organization, and peer learning 
were largely unrelated to academic performance, while the less 
contextual abilities, such as metacognitive self-regulation and 
effort regulation were most strongly related to academic per-
formance. In addition the relationship between peer learning 
and GPA was not in the expected direction. That being said, the 
MSLQ in this study was not specifically used for prediction of 
academic performance but used as a way to describe students 
in terms of their enacted learning strategies and to pinpoint 
possible opportunities for interventions. The MSLQ has also 
been used in first-year biology classes to determine the effect of 
the flipped classroom approach as reported by van Vliet et al. 
(2015). They found that the flipped classroom approach 
changed the learning strategies of students and enhanced 
learning strategies such as critical thinking, task value, and 
peer instruction (as measured by the MSLQ) but that the effect 
of change in learning strategies were not long-lasting. Accord-
ing to Zeegers (2004), researchers found that there was a con-
sistent correlation (r = 0.30) between academic achievement 
and measures of self-regulation.

In line with the SRL theory, Conley (2007) defines academic 
preparedness as the single most important determining factor 
for success in higher education. Conley (2007) defined college 
readiness operationally as the level of preparation a student 
needs to enroll and succeed—without remediation—in a cred-
it-bearing general education course at a postsecondary institu-
tion. The Conley framework foregrounds and repackages most 
of the elements of SRL as operationalized by the MSLQ. Conley 
identifies four key components that form the foundation of aca-
demic readiness. These components are multifaceted and 
include factors both internal and external to the university envi-
ronment. In the current study, key cognitive strategies, key con-
tent, and academic behaviors are the facets of interest. Contextual 
skills and awareness, the fourth facet of the model, refers to the 
systemic understanding on how higher education institutions 

operate as a system and as a culture (Conley, 2007). This facet 
was beyond the scope of the study.

The most central of the facets of readiness, key cognitive 
strategies, is important in the broader context of higher educa-
tion. It focuses on learning skills that are not content specific, 
such as critical thinking and problem solving. These skills 
enable students to learn content from a range of disciplines 
(Conley, 2007).

The second element of the framework is key content, which 
refers to general academic knowledge and overarching aca-
demic skills such as writing and research. Although some disci-
pline-specific knowledge is essential, overarching academic 
skills that are not content specific are needed for students to be 
ready for the demands of university. An example of these aca-
demic skills is areas in which science studies instill the knowl-
edge of how to use all the steps in the scientific method, how to 
communicate science, and to appreciate that scientists think in 
terms of models and systems to interpret complex phenomena.

Academic behaviors refer to a range of behaviors that reflect 
self-awareness, self-monitoring, and self-control and are inde-
pendent of specific content areas. Key academic behaviors con-
sist largely of self-monitoring skills and study skills. Self-moni-
toring skills are a form of metacognition that requires students 
to be aware of their understanding of a subject, to reflect on 
task effectiveness, and to adjust learning strategies by transfer-
ring skills from familiar settings to new settings.

Present Study
To enhance student success and throughput, we need to take a 
different approach to the analysis of student performance by 
going beyond prediction and description of at-risk students. In 
this study, we chose to focus instead on a group of students who 
are typically not flagged as at risk for possible drop out in the 
first year of study. However, many of these students drop out 
later during their undergraduate studies without triggering any 
alerts within normal systems. We have also labeled them the 
“murky middle,” because their graduation outcomes are difficult 
to predict. Thus, the aim of this paper is to investigate whether 
it is possible to categorize students in a single course (microlevel) 
similar to what was done by the Student Success Collaborative 
on the macrolevel and derive meaningful information about stu-
dent success from the difference in the resultant subsets of stu-
dent characteristics in which categorization is based only on 
demographics and prior learning achievements. In essence, we 
designed this study to explore the potential of learning analytics 
applied to a single course as the unit of analysis, in combination 
with strong learning theories such as SRL and college readiness, 
to generate useful pointers about effective learning strategies 
that can inform course design and advisory practices. Specifi-
cally, we set out to answer the following research questions:

RQ1. Which pre-entry characteristics differentiate effectively 
between students who are likely to pass (LTP), the murky 
middle (MM), and students at risk of failing?
RQ2. Which learning strategies in first-year biology are asso-
ciated more strongly with good performance than with mar-
ginal or poor performance?

Our approach was to compare the self-reported learning 
strategies of the strong and weak groups to identify those strat-
egies that are significantly different to inform the design of 
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activities that could move the MM toward behaviors associated 
with success rather than failure.

METHODOLOGY: PARTICIPANTS AND CONTEXT
Molecular and Cell Biology (MLB 111) is a first-year course in 
the Faculty of Natural and Agricultural Sciences at the Univer-
sity of Pretoria (UP), South Africa. It is a service course for stu-
dents in the biological sciences program and other programs 
such as medicine and veterinary science. Only 27% of the stu-
dents enrolled in the Faculty of Natural and Agricultural Sci-
ences, the faculty where this course is housed, chose the pro-
gram that they are registered for as a first choice of study. The 
fact that the majority of the MLB 111 students are not enrolled 
in their preferred program influences the level of motivation for 
this course as well as the “expectancy value” (Ambrose et al., 
2010) for the course. A further complicating factor is the wide 
range in academic preparedness of the students upon entry, 
with the majority of them being underprepared for the demands 
of higher education (Scott et al., 2007). Generally, a small num-
ber of those students enrolled for MLB 111 succeed in their 
objective to transfer to their program of choice; the rest either 
drop out or continue to complete their studies in biological 
sciences.

The course has an average enrollment of 1500 students and 
is presented during the first semester of each academic year. A 
team of three lecturers is involved; each teaches a specific com-
ponent of the course and repeats the same lecture for three 
groups of ∼500 students. In the interest of consistency, the 
instructors use the same assessment approaches throughout the 
semester (e.g., formative assessment by means of clickers 
(Miller and Tanner, 2015) during class and in tutorial classes, 
online tests via the learning management systems, and two 
high-stakes summative assessments during the course of the 
semester).

DESCRIPTION OF THE DATA SET
Data for this study were obtained from a convenience sample of 
students enrolled during the first semester of 2015 for MLB 
111. The data set comprised biographical data, prior achieve-
ment data, longitudinal data, and MSLQ survey data.

Biographical Data
Biographical data were obtained from the university student 
information system. Only students entering higher education 
for the first time were included. A total of 1084 student records 
were used for the study. This number represented 68.3% of the 
total population of students registered for this course. The 
remainder (31.7%) were either students repeating the course or 
students who transferred from another university. The decision 
was made to use only first-time entering first-year students in 
this study. The rationale for delimiting the sample was to allow 
the research team to focus on students who are new to the aca-
demic environment, as repeating or transfer students had expo-
sure to the course content and the demands of the higher edu-
cation environment. The experiences that repeating and 
transferring students bring with them are confounding factors 
and would lead to spurious associations. The students excluded 
from the study might also benefit from the actionable interven-
tions emanating from the findings of this study. The sample 
comprised 730 females (67%) and 354 males (33%), and the 

ages of the students ranged between 17 and 31, with an aver-
age age of 18.3 years. Field of study was determined by the 
faculty in which the students were enrolled; 801 students 
majored in science (74%), 174 in medical sciences (16%), 77 in 
veterinary sciences (7%), and 32 in a non–science major (3%). 
The racial division of the students was 58% white, 29% Black, 
and 13% racial minorities.

Prior Achievement Data
High School Achievement Data.  High school achievement 
data such as GPA have been used in nearly all retention and 
prediction studies and appear to be consistently significant 
predictors of student success internationally (Kokaua et  al., 
2014) and in South Africa (Lourens and Smit, 2003; Baard 
et al., 2010; Van Zyl et al., 2012; Kirby and Dempster, 2015a). 
Performance scores achieved in the grade 12 school leav-
ing examination (National Senior Certificate, NSC) that were 
deemed relevant to this study are those for mathematics, 
physical sciences (chemistry and physics), biology, and English 
as first language or as first additional language. In the South 
African secondary school system, the subject of physical sci-
ences consists of roughly equal amounts of chemistry and 
physics content.

National Benchmark Tests (NBTs).  The National Benchmark 
Tests (NBTs) are designed to support decision making in South 
African universities about the academic readiness of first-year 
students, university placement, course development, and pro-
gram planning. In a recent study, Rankin et al. (2012) found 
that both the school leaving examination (NSC) and the NBTs 
were useful predictors of academic performance in higher edu-
cation in South Africa. However, research at the institution 
where the study of this article was completed found that high 
school results were better predictors of university success than 
proficiency tests such as the NBT (unpublished technical reports 
by Lemmens [2011, 2014] and Lemmens and Schaap [2012]). 
According to Conley (2007), admission tests have been reason-
ably effective methods of identifying students who are poten-
tially college ready in the United States. NBT test scores were 
obtained from the university’s enrollment system.

Computer Literacy.  The MLB 111 course has an online com-
ponent in which students are required to complete weekly 
online assignments. Van Zyl et  al. (2012) found that self-re-
ported computer skills were a significant predictor of student 
success in the first semester of higher education studies at 
another South African University. Students at the UP take a 
computer literacy placement test upon entry, and the perfor-
mance results for this test are included in the analysis.

Longitudinal Data
Student academic standing and GPAs were obtained at the end 
of 2015 and 2016 with the aim of validating the categorization 
of students.

Data on Learning Strategies
The MSLQ has two sections: Motivation and Learning Strate-
gies. Learning strategies have been shown to be strongly predic-
tive of grades (Credé and Kuncel, 2008), but motivation is more 
difficult to influence than learning strategies, and its association 
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with performance is complex. As previously mentioned, research 
by Hilpert et al. (2013), Credé and Phillips (2011), and Dunn 
et al. (2012) points out that effort regulation and metacognitive 
regulation, traits represented in the Learning Strategies section 
of the MSLQ, mediate motivation and academic performance. 
We have therefore decided to use only the Learning Strategies 
section of the MSLQ for data collection. The Learning Strategies 
section has nine subscales, broadly divided into cognitive and 
metacognitive strategies and resource management strategies. 
Rehearsal, organization, metacognitive self-regulation, elabora-
tion, and critical thinking are all part of the cognitive and meta-
cognitive self-regulation strategies, whereas time and study 
environment, effort regulation, help seeking, and peer learning 
are part of the resource management strategies. The wording of 
the MSLQ items was slightly adapted to fit South African collo-
quial use (Appendix A in the Supplemental Material), without 
making changes to the psychometric properties of the survey. 
The seven-point Likert scale was changed to a four-point scale: 
very true of me (scored 3), mostly true of me (2), seldom true of 
me (1), and not at all true of me (0). We reduced the number of 
response categories to lower the cognitive load (Revilla et al., 
2014) and opted for an even number of categories to avoid 
distortions often associated with the middle category of Likert 
scales (Nadler et al., 2015). The questionnaire was administered 
electronically in the last 2 weeks of the semester, directly before 
the examination, via the university’s learning management 
system. Negatively worded items were reverse scored. Reverse-
scored items are indicated as such in Appendix A in the Supple-
mental Material and Table 2 later in this article. Of the sample of 
1084 students, 715 students completed the questionnaire, repre-
senting a response rate of 66%. Only 528 (49%) of the 715 
responses were usable after correcting for incomplete response 
sets. This subgroup consisted of 380 females (72%) and 148 
males registered for the following programs: 80% science, 10% 
medical sciences, 8% veterinary sciences, and 2% from non–
science majors. The racial division of the students was 59% 
white, 29% Black, and 12% racial minorities. Thus, the subgroup 
of students who completed the questionnaire was comparable to 
the bigger sample of students used for classification.

The first objective of this study was to define and describe 
the MM group of students within the first-year biology course. 
The first year is the time with the highest attrition in higher 
education. The second objective of this study was to identify the 
particular learning strategies that seem to be most effective for 
the disciplinary context. Effective learning strategies are essen-
tial for being successful in college (Tuckman and Kennedy, 
2011), and the use of inappropriate learning strategies is one of 
many reasons for students dropping out, but one that can be 
addressed with well-designed interventions.

The research commenced with an inductive analytical 
approach to explore the relationship between an outcome 
variable and possible predictor variables. The possible predic-
tor variables were limited to pre-entry data that are readily 
available at the start of the academic year. These include 
demographic and prior achievement data. The outcome vari-
ables were summative assessments conducted during the 
semester, namely, two semester tests and the exam marks for 
the module.

The research questions dictated the use of a statistical 
method that allows for the investigation of the patterns of rela-

tionship as well as the interaction effects among variables. 
Many of the variables do not have a linear relationship and, 
arguably, many of the academic-related variables are not at an 
interval level, hence the need for nonparametric statistical 
techniques. CHAID (chi-squared  automatic  interaction  detec-
tion) analysis was chosen as the preferred method of analysis to 
answer the first research question, largely due to the nonpara-
metric nature of the data, the need to segment students accord-
ing to their academic outcomes, and the need to understand 
the interaction effects of the predictor variable and for its abil-
ity to generate a simple, yet powerful display that supports the 
interpretation of the results. The CHAID technique, which is 
similar to a classification and regression tree analysis, was 
developed by Kass (1980), and is a model often used in data 
mining, such as prediction modeling and segmentation (Nisbet 
et al., 2009). The technique has been used recently by various 
authors for performance analysis of student populations (Kirby 
and Dempster, 2014, 2015b; Baran and Kilic, 2015). The 
CHAID model creates a tree diagram by identifying the most 
important predictor variables associated with the outcome vari-
able and then splits the first predictor variable into groups that 
are significantly different from one another. After the first split 
is made, based on the chi-square test to determine the best split 
at each step, the model proceeds to the remainder of the predic-
tor variables (see Figure 1). The model repeats this process 
until there are no significant contributions left (Nisbet et al., 
2009). When using educational data, we frequently use two 
states: pass versus fail. The outcome variables (i.e., summative 
assessments) were transformed into these two states for the 
CHAID analysis. However, school performance data were left as 
continuous data and not transformed. The IBM SPSS Statistical 
package, v. 23, was used for the CHAID analysis, and the Bon-
ferroni adjustment was applied to limit the type I error.

The term “MM,” as described by the EAB, can only be 
claimed if the group identified as the MM had similar medi-
um-term success prospects as defined in the larger-scale study 
(Student Success Collaborative, 2014). Thus, the results of the 
CHAID division have to be validated using different strategies; 
first, a cross-tabulation was constructed, and the associated 
Goodman and Kruskal’s coefficient was calculated to describe 
the correlation between the strongest predictor variable and 
the first summative assessment of the course. Second, the 
three groups of students had to be tracked in terms of their 
GPAs and academic standings at the end of successive years to 
verify performance patterns relative to their classification 
(Table 1). In South Africa, GPA is a number that expresses stu-
dent performance as a percentage point (%). The students can 
achieve a maximum of a 100%, with 50% representing a pass 
and 75% a distinction.

The second objective of this study was to formulate a rich 
description of effective learning strategies to guide the design of 
suitable interventions aimed at improving the prospects of suc-
cess of all students. To answer the second research question, we 
divided the MSLQ data into three subsets for the at-risk, MM, 
and LTP students. Of the 528 complete questionnaires, 199 stu-
dents were of the at-risk group, 166 from the MM, and 163 
from the LTP. The results were analyzed for significant differ-
ences between the composite scores for each subscale in the 
Learning Strategies section of the instrument. To test the valid-
ity of the instrument, which was changed from a seven-point 
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Likert to a four-point Likert, we performed a Cronbach alpha 
analysis (α = 0.92), which compares favorably with the Cron-
bach alpha values reported in the MSLQ manual for the Learn-
ing Strategies subscales (α = 0.52–0.79). One-way analysis of 
variance (ANOVA) tests were performed on these composite 
scores to detect any statistically significantly differences 
between groups. Significant differences on the ANOVA were 
further evaluated with Tukey post hoc tests to see which groups 
were significantly different. (A summary of the means of the 
subscale scores is presented in Appendix B in the Supplemental 
Material.) This was then followed by a Kruskal-Wallis H analysis 

of item responses to identify items with significantly different 
response patterns. The “between-group” differences for individ-
ual items were determined by means of a Mann-Whitney U test. 
These results are reported in Table 2 and are discussed in the 
next section.

RESULTS
Categorization and Validation
To divide the students into at-risk, MM, and likely-to-pass stu-
dents, we performed a CHAID analysis to determine the prior 
learning factor that best predicted the outcome of the first 

FIGURE 1.  CHAID analysis with semester test 1 as the outcome variable.

TABLE 1.  Overall performance of students at the end of the first and second year

Group 1: at risk Group 2: MM Group 3: LTP

2015 N at start of 2015 426 315 343
% of group that passed MLB 111 49.1 67.9 93
Average % of final mark per group 49.9 55.7 67.4
Dismissed due to poor academic performance 27 6 1
Mean GPA (2015) 54 60 71
Mean credit pass ratio 0.78 ± 0.26 0.88 ± 0.20 0.98 ± 0.67

2016 Active students at end of 2016 332 254 301
Mean GPA (2016) 54 60 71
Mean credit pass ratio (2016) 0.83 ± 0.20 0.90 ± 0.16 0.98 ± 0.06
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summative assessment. The CHAID analysis showed that grade 
12 performance in physical sciences was the best predictor of 
success in the first semester test of MLB 111. The results for the 
test sample are represented in the tree diagram shown in Figure 
1. The green bars indicate the students who passed the first 
semester test and the red bars the students who failed, with the 
relative height of the bars representing proportions of the sub-
set. In each box, the total number of cases is reported as well as 
its proportion of the test sample. Figure 1 indicates that the 
student group was divided into four subgroups or nodes based 
on performance in grade 12 physical sciences (chi-square 
151.34, df 3, p < 0.001). However, upon inspection, it was clear 
that both nodes 1 and 2 represent subgroups of students with a 
poor chance of success: 11.2% and 22.8%, respectively. These 
two nodes can therefore be combined to generate three distinct 
subgroups of comparable sizes, namely, 208, 180, and 157 stu-
dents. Thus, students with a grade 12 physical sciences mark 
below 72% were designated as at risk (group 1). Students with 
a mark between 72 and 81% were designated the MM (group 

2), and students with a mark higher than 81% were designated 
as LTP (group 3). Those students for whom no physical sciences 
marks (6%) were captured in the system (missing) were 
grouped with the MM (group 2). All subsequent analyses were 
performed in SPSS with the student sample split into these 
three groups (426 at risk, 315 MM, and 343 LTP). Although the 
CHAID indicated that ethnicity and life science marks were con-
tributing factors that were also predictive within the model, a 
decision was made not to include the second level of analysis to 
determine the categorization of students. Ethnicity was shown 
to be a predictor for success in higher education in other studies 
(Kuh et al., 2008; Van Zyl et al., 2012; Tejada et al., 2016), but 
in our case, physical sciences marks proved to be the stronger 
predictor, thereby allowing us to categorize on neutral grounds. 
The results indicate that the model has good overall precision; 
it is able to correctly classify 75% of the cases, and detection of 
false positives is also 75%. The exclusion of the second level of 
the CHAID from the classification reduced the model accuracy 
by only 2% (72.8%). Research by Lemmens (Lemmens, 2015; 

TABLE 2.  Subscales of the MSLQ and items showing significant difference between groups

Scale name
Number  
of items

Significance  
of ANOVAa

Items with significance  
(5% level)b

Kruskal-Wallis  
asymptotic  
significance

Cognitive and metacognitive strategies

Rehearsal 4 0.005
(at risk and LTP)

At risk and MM
p = 0.037

46. �(Groups 1 and 2 and groups 2 and 3) When studying for this 
course, I work through my class notes and the course materials 
a number of times

59. �(Groups 1 and 2) I memorize key words to remind myself of 
important concepts in this course.

0.000
0.026

Organization 4 0.053 49. �I make simple charts, diagrams, or tables to help me organize 
course material.

0.036

Metacognitive 
self-regulation

12 0.002 41. �When I become confused about something I’m reading for this 
course, I go back and try to figure it out

61. �(Groups 2 and 3) I determine what I am supposed to learn 
from the material before I start studying

78. �(Groups 1 and 2) When I study for this course, I set goals for 
myself in order to direct my activities in each study session.

79. �(Groups 1 and 2) If I get confused taking notes in this course, I 
make sure I sort it out afterwards.

0.023

0.009

0.001

0.001

Elaboration 6 0.013 62. �(Groups 2 and 3) I try to relate ideas in this subject to those in 
other courses whenever possible.

81. �(Groups 2 and 3) I try to apply ideas from course material in 
other course activities such as lectures and discussions

0.032

0.000

Critical thinking 5 0.021

Resource management strategies

Time and study 
environment

8 0.013 35. �(Groups 1 and 2) I study in a place where I can concentrate on 
my course work.

0.000

Effort Regulation 4 0.000
(at risk and LTP)

MM and LTP
p = 0.010

37. �(Groups 1 and 2 and groups 2 and 3) I feel so lazy or bored 
when I study for this course that I give up before I finish what 
I planned to do. (reverse coded)

48. �(Group 1 and 2 and 2 and 3) I work hard to do well in this 
course even if I don’t like what we are doing.

60. �When course work is difficult, I either give up or only study 
the easy parts. (reverse coded)

0.000

0.000

0.005

Peer learning 3 0.015 34. �(Groups 2 and 3) When studying for this course, I try to 
explain the material to a classmate or friend.

45. �(Groups 2 and 3) I try to work with other students from this 
course to complete the course assignments.

0.003

0.032

aScales indicated in bold are scales that show “convincing” evidence (p < 0.01) of differences between the two extreme groups.
bAll significant differences indicated are between the at-risk and LTP group, unless otherwise indicated.
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FIGURE 2.  Summary of all prior achievement scores showing statistically significant 
differences in the means of the scores for the at-risk, MM, and LTP groups.

Lemmens and Kebalepile, 2017) on the grade 12 high school 
results, notably physical sciences and Mathematics, tend to 
have weak Spearman’s rank-order correlations with the first-
year academic performance when the unit of analysis is at the 
department or faculty level. This correlation improves signifi-
cantly when the unit of analysis is at the course level. This find-
ing could be due to less spurious relationships at the course 
level. Thus, the ability of the CHAID model to classify students 
with a 75% accuracy with only physical sciences marks is 
regarded as very promising in this instance. It is important to 
note that the 25% level of classification inaccuracy does not 
present a threat to the overarching aim of the project, because 
the purpose of classification was to enable a more nuanced 
understanding of student behavior. No student would be 
excluded from the opportunity to benefit from the interventions 
that would result from it. The ability of the CHAID classification 
model to classify students correctly with 75% accuracy is 
regarded as acceptable to classify students into the three perfor-
mance categories. Using the categories created by the CHAID, a 
Spearman’s rank-order correlation was calculated between 
physical sciences marks and the first summative assessment, 
namely, semester test 1. There was a strong, positive correlation 
that was statistically significant (G = 0.621, p < 0.001). By com-
parison, the precision of the models wherein the second semes-
ter test or the final marks for the course were used as the out-
come variable were 52% and 56%, respectively. The first 
summative assessment was chosen as the outcome variable of 
choice for the following reasons: the predictive power of prior 

learning and demographic data is the 
highest for summative assessments done 
early in the semester; and early identifica-
tion of students at risk and, in this case, 
the MM, creates opportunities for student 
support to prevent failure or drop out.

The validity of the categorization of the 
sample into three subsets based on perfor-
mance in grade 12 physical sciences was 
checked in terms of its correlation with the 
other prior learning variables. An ANOVA 
was performed to determine individual 
correlation between the physical sciences 
performance categories and performance 
on the other variables. A significant differ-
ence at the 5% level was found between 
the three groups for all other predictor 
variables. All the variables, with the 
exception of computer literacy (CompLit), 
had significance levels of p < 0.001. Where 
between-group values were significant, 
Tukey post hoc tests were performed to 
see which groups showed significant dif-
ferences. The results are shown in Figure 2 
with red, yellow, and green bars for the 
at-risk, MM, and LTP groups, respectively.

The final test for the categorization of 
students into groups based on grade 12 
physical sciences marks was whether a 
significant difference between the pros-
pects of success of the three groups could 
be found in the short and medium term of 

higher education studies. The pass rate for MLB 111 and the 
credit pass ratios for 2015 and 2016 were compared for the 
three subgroups, where the mean credit pass ratio reflects the 
percentage of credits passed compared with the total number of 
credits enrolled for. The results are reported in Table 1.

There was a significant difference between the “mean GPA” 
for the different groups (F = 40.42, df = 2, p < 0.001). At the end 
of 2015, the at-risk group passed, on average, 78% of credits 
enrolled for, the MM 88%, and the LTP group 98%. The mean 
GPA for the at-risk group was 54, the MM 60, and the LTP group 
71 (expressed as a percentage). This means that, in 2015, the 
at-risk group failed on average two 16-credit courses, while the 
MM group failed one 16-credit course out of the first-year total 
of 144 credits. In 2016, the picture stayed mostly the same. 
While the prospects of success for the MM are significantly 
higher than those of the at-risk group (88 vs. 78%), it still 
means that the MM group will have to repeat courses that they 
failed, which will extend their study duration and increase their 
risk of dropping out during later years.

Difference in Learning Strategies between 
the Three Defined Groups
The analysis of the MSLQ Learning Strategies subscales indi-
cates distinctly different response patterns for the three sub-
groups of students for eight of the nine subscales at the 5% level 
of significance. The means for all the groups were always with 
the at-risk group the lowest mean and the LTP the highest mean 
(Appendix B in the Supplemental Material). The results of the 
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statistical analyses (for the different subscales) are reported in 
Table 2. In all but one of these subscales (help seeking), there is 
a difference between the at-risk and LTP groups; in addition, 
one subscale differentiated between the at-risk and MM groups 
(rehearsal) and one subscale differentiated between the MM 
and LTP students (effort regulation). Three of the scales 
(rehearsal, metacognitive self-regulation, and effort regulation) 
provided strong evidence of differences between groups (see 
Appendix B in the Supplemental Material for p values showing 
statistical differences between groups).

The results of item analyses presented in Table 2 will be dis-
cussed next with reference to the findings of the meta-analysis 
of other studies by Credé and Phillips (2011). They found that 
some of the constructs in the MSLQ exhibit meaningful rela-
tionships with academic performance. Their study showed the 
effort regulation subscale to have the highest correlation with 
academic performance (ρ = 0.41), which is on par with more 
traditional predictors of academic performance such as admis-
sion tests, prior learning, and study skills (Credé and Phillips, 
2011). In the present study, effort regulation distinguished 
strongly between two pairs of groups, with two items (37 and 
48) differentiating between all three groups. The effort regula-
tion subscale probes students’ ability to apply sustained effort 
and persist even when the work is difficult, there are distrac-
tions, or tasks are boring.

Credé and Phillips (2011) have shown that the meta-analy-
sis is broadly supportive of the basic assumptions that underpin 
the theory of self-regulated learning: those students who can 
engage metacognitively, regulate their effort, and have appro-
priate learning strategies have higher average grades than stu-
dents who cannot do so. This is in agreement with our results, 
in which the subscale of metacognitive self-regulation strongly 
differentiated between the at-risk and LTP groups (p = 0.002), 
with two items (78 and 79) also differentiating between the 
at-risk and MM and one item (61) between the MM and LTP 
groups. Item 61 provided strong evidence that the LTP group 
members had better planning capabilities and were more 
skilled in the selection of important learning material. The 
results for item 78 suggest that the at-risk students were less 
adept at setting goals before each study session and monitoring 
their progress. Items 79 and 41 point to the importance of stu-
dents taking control of their own learning.

Credé and Phillips (2011) found that many of the specific 
learning strategies, such as rehearsal, elaboration, organiza-
tion, critical thinking, peer learning, and help seeking, appeared 
to be unrelated to academic performance as operationalized in 
the MSLQ, but that less-contextual abilities, such as metacogni-
tive self-regulation and effort regulation, were most strongly 
related to academic performance. In this study, scales such as 
rehearsal, peer learning, organization, and elaboration distin-
guished, at least, between the two extreme groups. Help seek-
ing did not distinguish between any of the groups, and the rea-
son might be related to the explanation provided by Credé and 
Phillips (2011). Good students might not need help or may not 
report on their help-seeking behavior, and low-performing stu-
dents might not realize they need help and would therefore also 
not report any help-seeking behavior. Rehearsal strategies dif-
ferentiated between the at-risk and MM students (p = 0.037) 
and between the at-risk and LTP students (p = 0.005). Of spe-
cific importance is item 46, which distinguished significantly 

between all groups, thereby providing evidence for the impor-
tance of repetition for mastering biology.

The fact that peer learning showed a significant difference 
(p = 0.015) between groups in our study is noteworthy. Two 
items differed significantly between the MM and LTP groups as 
well as between the two extreme groups, which indicates that 
the need to work with fellow students was recognized more 
strongly by the LTP group than the others. Conley (2007) states 
that academic behaviors such as the ability to participate suc-
cessfully in study groups are critical for success in certain disci-
plines. It would therefore be advisable to intentionally build 
peer-learning activities into course design for first-year biology.

Elaboration strategies help students store information in 
long-term memory by building connections to related concepts. 
Elaboration strategies are considered deep processing strategies 
and are important for higher education (Weinstein and Mayer, 
1986). The difference in the response patterns of the three 
groups was significant (p = 0.013). The two items (items 62 and 
81) that differentiated did so between the at-risk and LTP but 
also between the MM and the LTP groups. These items probed 
whether students made an effort to connect concepts within the 
course and also relate it to other courses. The MLB 111 course 
that was the focus of this study includes material from other 
disciplines such as chemistry, biochemistry, physics, and plant 
science, and the awareness of alignment with other disciplines 
is thus important for success.

The previous discussion focused on the differences between 
the three groups of students that manifested most prominently 
between the at-risk and likely to pass students. The at-risk stu-
dents need substantial academic and psychosocial support to be 
successful, while the LTP students will probably be successful 
without a lot of intervention. However, as this paper aims to 
describe the MM and generate actionable data regarding this 
group, it is important to look more closely at this group of stu-
dents. By definition, MM students displayed characteristics of 
both the at-risk and LTP students. This is evident in the distribu-
tion of questionnaire responses; the average scores for the MM 
falls roughly in the middle of the subscale (Appendix B in the 
Supplemental Material). The subscales for which this is not the 
case are therefore of interest, particularly if their responses 
resemble those of the at-risk subgroup rather than those of the 
LTP. One scale for which the MM clearly tended more toward 
the at-risk group was effort regulation (see Appendix B in the 
Supplemental Material). Duckworth (2016) eloquently explains 
in her recent book that “effort counts twice,” because effort 
improves skills, and skills combined with effort equals achieve-
ment. Admittedly, many other factors might influence the 
success of the MM students, but this study highlights the 
importance of the students putting effort into their academic 
work, even when it is a boring or difficult, a skill that in this 
study seems to be not as strongly developed in the MM. Build-
ing a culture in class that promotes perseverance (or grit) by 
demonstrating the value and relevance of the content and advo-
cating for increased effort. This is a low-cost intervention that, 
for the MM, may have a large impact and high return on 
investment.

DISCUSSION
We have shown in this study that it was possible to identify 
indicator(s) that would differentiate between three groups of 
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students: those who are likely to pass (LTP), the murky middle 
(MM), and those who are at risk of failing. Our analysis has 
identified grade 12 performance in physical sciences as the 
most powerful predictor for the first 2 years of study, and it 
defined the MM as students within the performance band of 
72–81% for this subject. The findings suggest that students 
seem to be confined to a specific performance band and will 
find it hard to break free from that group without interventions 
and additional effort. The categorization of students was con-
firmed by various outcomes such as the mean GPA and mean 
credit pass ratio. At the UP, all the prior learning variables ana-
lyzed in this study showed significant differences between the 
three groups (p < 0.05), indicating that these students enter the 
university system with distinctly different academic competen-
cies and prospects of success. This finding is noteworthy and 
could be useful on an administrative level with regard to admis-
sion of students and subsequent support of students admitted 
into the first year of a science degree. Students who are in the 
at-risk category should not be admitted unless extensive sup-
port is provided and embedded in their programs. The UP offers 
an academic development program (ADP) with a lower 
entrance requirement, which is specifically designed for this 
purpose. However, our results suggest that careful consider-
ation should be given to raising the entrance requirements for 
MLB 111–70% for physical sciences, which would channel 
at-risk students into the ADP rather than the mainstream.

After categorization of the students, the self-reported learn-
ing strategies of the three groups were compared to identify 
strategies that are associated with success, information that 
will guide the design of future teaching and learning interven-
tions. The results of the MSLQ analysis indicate distinct differ-
ences between learning strategies of the at-risk and LTP 
students. Metacognitive self-regulation, rehearsal, and effort 
regulation were the subscales that differentiated most convinc-
ingly between the groups. In addition, the ability to relate 
course material to other courses and the ability to manage 
the resources well were linked to good performance. Thus, a 
profile of learning strategies associated with good academic 
outcomes can be derived from the items that differentiated 
most convincingly between students who were LTP (group 3) or 
at risk (group 1).

The productive strategies of the LTP students can be summa-
rized as follows:

1.	 Work with other students to complete assignments and clar-
ify concepts (items 34 and 45)

2.	 Apply deep learning by relating ideas to other courses and 
connecting concepts within a course (items 62 and 81)

3.	 Sort out any confusion in a timely manner (items 41 and 79)
4.	 Persist even when work is difficult or not of interest (items 

37, 48, and 60)
5.	 Choose suitable spaces to study (item 35)
6.	 Apply good time management and thus have time for revi-

sion and rehearsal (item 46)
7.	 Employ appropriate study methods that include memoriza-

tion and organization (items 49 and 59)
8.	 Plan study activities and set goals to direct these study activ-

ities (items 78 and 61)

The list of effective learning strategies for MLB 111 reso-
nates well with the literature on student success in science. 

Multiple studies have been reported of teaching practices that 
incorporate these pointers and deliver improved student out-
comes. This confirms the credibility and usefulness of these 
results. For example, active-learning strategies such as peer 
instruction (Crouch and Mazur, 2001; Lasry et al., 2008) and 
think–pair–share (Miller and Tanner, 2015) encourage students 
to work with peers to solve problems (items 34 and 45). Click-
ers (Miller and Tanner, 2015) are widely used during lectures as 
a form of formative assessment to provide immediate feedback 
and encourage students to sort out confusing work in a timely 
manner (items 41 and 79). Research has also shown that group 
work in and out of class can transform course experiences for 
the better and help students to become actively engaged with 
the work (Wood, 2009). These strategies are suitable for large 
lecture halls and in smaller tutorial classes and can be taught by 
student advisors. Making connections (items 62 and 81) 
between new information and what is already known or under-
stood is an essential part of the learning process and something 
that can be explicitly taught in class. Knowing in advance what 
the big ideas are and how they relate to one another helps 
learners make sense of information (Hammond et al., 2001). 
Items 37, 48, and 60 clearly distinguish between the three dif-
ferent groups and point to effort regulation and the willingness 
to persevere even when the work is not of interest or difficult. 
This was also the subscale for which the MM were statistically 
much closer to the at-risk than to the LTP, indicating the need to 
focus efforts to improve these skills for the MM specifically. Grit 
(Duckworth, 2016) has been shown to be predictive of aca-
demic success and is a teachable skill (Duckworth et al., 2007).

The challenge is to ensure that first-year biology students, 
especially MM and at-risk students, develop these strategies in 
time to help them to be successful. In our view, this is the joint 
responsibility of lecturers and student advisors. Lecturers should 
be guided to adjust the design of their courses to purposefully 
incorporate SRL skills during lectures or in the online environ-
ment. Recent research has shown that changing course design 
to be more student centered increases learning gains in biology 
classes (Connell et al., 2016). This, coupled with the research 
by Owens et al. (2018), who showed that professional develop-
ment for faculty helped them make significant changes in their 
course design, makes the case for developing professional 
development courses for lecturers and student advisors to facil-
itate the explicit teaching and demonstration of SRL skills inside 
and outside the classroom.

Student advisors, on the other hand, should take responsibil-
ity for assisting students in the learning process by teaching 
“soft skills” that students can adapt as needed. According to 
Simpson et  al. (1997), learning to learn programs that are 
focused on assisting students to become self-regulated learners 
and that are based in conceptual work in psychology are the 
most successful interventions for teaching students learning 
strategies. These courses focus on developing a repertoire of 
learning strategies such as time management (item 46) and 
study methods (items 49 and 59) that students can adapt as 
necessary. These courses have been shown to increase GPA, 
retention, and graduation rates (Weinstein et al., 2000). On the 
basis of these results, we propose that large introductory courses 
should be supported by a learning to learn intervention, which 
is designed in conjunction with student advisors and incorpo-
rates these findings.
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CONCLUSION
The first aim of this study was to determine whether the con-
cept of the MM, as defined by the EAB (Student Success Collab-
orative, 2014), was applicable in our context of a single course 
within a program (microscale) to generate useful insights sim-
ilar to its application to programs within institutions (macro-
scale). Our results indicate that it is possible to define the MM 
students in a specific course using only prior achievement data. 
Furthermore, the validity of the categorization was confirmed 
for subsequent performance and longitudinal data for aca-
demic standing. The MM students were consistently unsuccess-
ful in passing all courses that they registered for as indicated by 
the mean credit pass ratio for the group in 2015 and 2016. This 
means that they were falling behind because of having to 
repeat courses, which would hamper progression and prolong 
their study time. This situation makes them more vulnerable to 
drop out in later years due to financial constraints and discour-
agement. The middle group can therefore be labeled the MM, 
in line with the findings of the Student Success Collaborative, 
which first coined the term. In our context, more than half of 
attrition of students happens after the first year. However, most 
efforts are currently focused on the first year, with limited 
resources allocated to subsequent years. The development of 
focused interventions for students who persist beyond the first 
year but continue to fall behind is thus an important area for 
investigation.

Related to our second research question, the study identified 
productive learning strategies that were used by the LTP group 
more than the other two groups. In addition, the study identi-
fied that effort regulation was the learning strategy for which 
intervention could make a meaningful contribution toward the 
prospect of success for the MM. These findings can be used to 
inform classroom practice and student advising. We argue that 
identifying the MM early and providing interventions with a 
focus on this group of students can significantly increase 
throughput rates. Well-designed interventions aimed at the 
development of effective learning strategies at the start of an 
academic career will have an impact beyond the first year. The 
MM falls just short of success by failing on average one course 
per year, but this shortfall accumulates over time with possible 
disastrous effects. By “moving the middle” toward success, 
these effects can be mitigated. Finally, within an environment of 
resource constraints, well-designed interventions aimed at the 
MM are expected to have a higher return on investment than 
those aimed at the at-risk group, which requires much more 
comprehensive support to achieve success.

Lecturers may have limited control over the admission of 
students into their programs, but they do have an obligation to 
teach the students admitted into the system. Typically, lecturers 
do not take responsibility for the development of soft skills, pre-
sumably because they are unaware of the specific needs of stu-
dents, or because they see that as the task of student advisors. 
Learning strategies such as effort regulation, setting study 
goals, and having good time management skills are all skills 
that can be developed within a classroom setting, and it would 
be of great benefit to the students if lecturers were aware of the 
contribution that they can make in this regard. Course design 
that incorporates the principles of deep learning (making con-
nections), peer learning, and metacognitive monitoring will 
benefit all students, especially the MM and at-risk students. On 

the basis of our results, we advocate for the inclusion of 
research-based material on effective learning strategies in staff 
development programs to empower faculty to actively promote 
or incentivize these learning strategies. In conclusion, we pro-
pose that our definition of the murky middle at course level and 
our study of the learning strategies of groups with different 
prospects of success have delivered actionable information 
that will be of interest for university management, curriculum 
designers, lecturers, and student advisors in the quest to 
improve retention and student success.
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