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Thanks, in part, to the rapid development and widespread adoption of the Internet and other
online technologies, academic institutions are increasingly using analytics to enhance learning
and teaching. Through the use of data mining techniques, this study examines some of the
determinants at a course level that affect the academic performance of adult learners (which
we will refer to as students in this paper) in the Singapore University of Social Sciences
(SUSS). Formerly known as SIM University, SUSS is an institution that caters mainly to the
learning needs of working adults although it offers a number of full-time undergraduate degree
programmes to fresh school leavers. The data analysis found that students taking introductory
blended courses performed better than those who took face-to-face courses of the same level.
Furthermore, students of similar age taking level-2 courses outperformed students taking
similar courses where the age difference was more significant. The findings indicate that no
single optimal course design will lead to improved academic performance across all courses.
Instead, educators should be ready to consider the nature, level, discipline and coursework
component of each course to cater to the various students’ needs.
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Introduction

The Singapore University of Social Sciences (SUSS) is a university dedicated to providing lifelong education to
equip learners to serve society. It offers part and full-time degree programmes and courses to both working adults
and fresh school leavers. To cater to the distinctive needs of these two segments, SUSS offers face-to-face and,
increasingly, blended courses that combine the unique features and benefits of face-to-face and online delivery
and seeking, in the process, to increase its students’ learning and academic performance and, ultimately, its
retention rates.

To date, the literature on determinants associated with academic performance are mainly at the students’ level and
there appears to be a dearth of research on the determinants that impact the students’ academic performance at a
course level. This study aims to bridge this gap by focusing on the determinants that affect students’ performance
at a course level. Using data mining techniques such as decision trees, this research examines how certain course
characteristics such as course delivery mode (blended or face-to-face), course discipline, nature of the course
(qualitative, quantitative or mixed), assessment method (written examination or project) and course level (1 to 4),
can be combined with socio-demographic data to identify groups of students whose academic performance,
represented by their average final score, is superior to that of other groups. The remaining sections discuss the
literature relevant to the scope of this study, the methods used and the data analysis that was carried out to derive
the findings that are then explained and discussed in the context of SUSS.

Recommendations for the design of courses based on the research findings and suggestions for future research are
presented in the concluding section.

Literature Review

Blended Learning

Garrison and Vaughan (2008) define blended learning as “the thoughtful fusion of face-to-face and online learning
experiences” where “face-to-face oral communication and online written communication are optimally integrated
such that the strengths of each are blended into a unique learning experience congruent with the context and

intended educational purpose.”

In terms of delivery modes, courses can be categorised along a continuum delimited, at one pole, by traditional,
face-to-face courses and, at the opposite end, by fully online courses, with web-facilitated and blended courses
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falling somewhere in between (Rovai & Jordan, 2004).

Although such an exercise remains somewhat subjective, there have been attempts to determine the characteristics
that distinguish each delivery mode category. For instance, Allen and Seaman (2015) suggest a classification
based on the proportion of the content of a course that is delivered online. According to them, a traditional course
is a face-to-face course if none of its content is delivered online (0%). On the other hand, it is a web-facilitated
course if it is a face-to-face course that has anywhere from 1% to 29% of its content delivered online. It becomes
a blended course when it blends face-to-face and online delivery and has between 30 and 79% of its content
delivered online and finally, it is an online course if most of its content is made available online (80% and above)
and if it does not feature any face-to-face teaching at all.

More recently, a number of other authors have subdivided blended learning into blended synchronous and blended
asynchronous learning (Bower et al., 2014; Wang, Choon & Hu, 2017). A blended synchronous learning
environment is one in which the same lesson is delivered simultaneously to both classroom and online students
while in a blended asynchronous environment, a face-to-face session is carried out in the physical classroom and
another is delivered online via technologies such as a learning management system (Wang, Choon & Hu, 2017).
Up until 2010, most SUSS courses were delivered exclusively through six classroom-based, three-hour, face-to
face sessions that combined one-way, lecture-style instructions and instructor-led tutorials. Following Allen and
Seaman’s delivery classification, these were essentially traditional courses.

In 2010, however, SUSS started a transition towards its own blended teaching and learning model so as to better
meet the learning needs of its students and enhance their learning experience. The initial six classroom-based,
three-hour face-to-face sessions of most courses have been converted into 6 asynchronous online chunked lectures
(series of short, pre-recorded lectures) that students view at their own time and pace. These six fully-online
sessions are complemented by 3 face-to-face, classroom-based seminars featuring frequent instructor-students and
student-student interactions. According to Allen and Seaman’s classification, the university moved away from
traditional, face-to-face courses and is how offering what are essentially blended asynchronous courses.

At the same time, depending on whether the nature of subject required more face-to-face interactions (strategy
and business negotiations, for instance), certain courses still offer six face-to-face sessions instead of 3, while
keeping the same other delivery features of the blended courses. In the context of this research, these courses are
known as face-to-face courses.

Academic Performance and Its Determinants

Any undertaking aimed at predicting academic performance must begin by determining the means to assess it.
The measure of academic performance is based on the achievement of learning outcomes.

The learning outcomes of many courses, including those offered as part of degree programmes offered by SUSS,
are developed according to Bloom’s taxonomy of the cognitive domain, one of the three domains of learning (the
other two being the affective and the psychomotor domains). Bloom’s taxonomy divides the cognitive domain
into six learning hierarchical categories that rank cognitive processes from the simplest to the more complex
intellectual skill development: knowledge, comprehension, application, analysis, synthesis and evaluation
(Bloom, et al. 1956).

Along with standardised admission tests such as the SAT (previously known as the Scholastic Achievement Test
or the Scholastic Aptitude Test) and the American College Testing (ACT), the grade-point average (GPA) is the
most common quantitative measure of cognitive skills and abilities acquisition that educational researchers have
used as a proxy for a student’s academic performance (Richardson et al., 2012; Plant, 2005; Chemers, 2001). The
GPA is the weighted mean of the final mark that a student obtained from each course in the basket of courses that
s/he completed towards the completion of a formal academic qualification (Richardson et al.,2012). Despite its
popularity, the GPA is not without its flaws as a measure of academic performance: grade inflation affects its
validity in longitudinal studies and its reliability is particularly low for studies comparing GPA differences across
institutions (Didier, et al. 2006).

A number of correlational analyses have used the GPA at different stages of a student’s study progression, either
as a dependent or as an independent variable. For instance, in studies examining the factors that may influence
the students’ academic performance at the university, researchers have used the high-school or pre-university

GPA among the independent variables that may affect the students’ undergraduate academic performance,
expressed in terms of their university final or cumulative GPA, the dependent variable (McKenzie, 2001).
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Vulperhorst et al. (2018) concluded that students’ high school grade point average (GPA) is a good predictor of
academic performance in higher education.

Evidence to the critical importance that policy-makers, employers, educators and students lend to academic
success, the body of research seeking to examine the factors that influence a student’s undergraduate academic
performance is both large and varied.

In the literature, the effect of socio-demographic factors on performance is somewhat inconclusive. Age, for
instance, seems to matter as some studies found that older students do academically better than their younger
counterparts (Clifton et al., 2008; Etcheverry, Clifton, & Roberts, 2001). Other studies, however, did not reach
the same conclusion as they could not establish the same relationship (Farsides & Woodfield, 2007; Ting &
Robinson, 1998). In a more recent study, El Massah & Fadly (2017) examined the academic performance of
female finance students and found age to have an insignificant effect on performance. On the other hand, a number
of studies did find that women and students from higher socio-economic background in the US and Europe tend
to achieve higher GPA than other students (Dennis, Phinney, & Chuateco, 2005; LaForge & Cantrell, 2003; Smith
& Naylor, 2001).

Similar to the case of age, the effect of gender on academic performance is also inconclusive. Hyde and Kling
(2001) concluded that female students often performed better than male students in all measures of success in
higher education. Sheard (2009) also shared similar findings that female students outperformed their male
counterparts for each measured academic assessment criterion. In an earlier study by McCrum (1994), he
suggested that males performed academically better than females as there were more males who obtained firstclass
honours degrees than females at Oxford University and Cambridge University. In a more recent study,
Danilowicz-Gosele et al. (2017) found that gender was not a significant factor in determining students’ academic
performance.

Prior academic performance and aptitude tests results have also caught the attention of researchers seeking to
identify what may help predict academic success. In that respect, a number of studies identified some of the
traditional measures of cognitive capacity (SAT and ACT) and high school results as reliable predictors of
university academic performance (Ellias, 2007; Plant, 2005; Robbins, 2004), although some found that of the two,
high school GPA appears to be a stronger predictor than standardised tests such as SAT and ACT (Richardson,
2012).

The influence of the delivery mode on academic performance has been at the centre of “No Significant Difference”
in the academic performance debate between educators who promote online and blended (sometimes called
“hybrid”) learning and those who largely dismiss them as less-than-effective teaching and learning models.

According to Russell (2001), the findings of a very significant body of research and meta-analyses generally
concur that there is indeed no significant difference in students’ learning outcomes based on delivery mode. The
conclusions of more recent meta-analyses and studies are not as definite. Means et al. (2010), the authors of a US
Department of Education report, conducted a meta-analysis of 45 prior studies done between 1996 and 2008 on
the topic of delivery modes and learning outcomes. Comparing blended and fully online courses, they concluded
that 7 studies found no significant difference between these delivery modes, 2 found statistically significant
advantages for purely online instruction, and one found an advantage for blended instruction. However, study
findings comparing blended and face-to-face delivery modes were clearer: on average, students who took blended
courses perform significantly better than did those taking traditional, face-to-face courses (Al-Qahtani & Higgins,
2013; Lack, 2013; Melton, Graft & Chopal-Foss, 2009).

Method

In this study, the final grade distributions of 837 courses were obtained for 2015. Student information such as
gender, age, race (Chinese, Malay, Indian and others), school of enrolment, prior academic institution and prior
academic performance, as well as O-Level (Secondary 4) English and O-Level Mathematics performance were
aggregated to the course level (e.g. proportion of male students and average age of students in a course). Course
level information such as the school offering the course, the semester the course was offered, course discipline,
course level, mode of final assessment, weighting of the final assessment in the final grade, qualitative flag,
quantitative flag and course delivery mode, together with the student information, were included as inputs in this
study. Details of the variables are provided in Table 1. These inputs are evaluated with respect to the performance
of the students. The descriptive statistics of the courses are summarised in Table 2.
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A total of 541 undergraduate courses in SUSS (or 64.6% out of the 837 courses in 2015) were included in the
analysis. These courses had at least 50% of complete student information. An average grade point based on the
final grade distribution of the students was computed for each course, using the same algorithm as that for the
computation of honours classification. This average grade point was further grouped into 2 categories: courses
with an average grade point corresponding to the second class honours classification and above (termed as
“Better” for ease of reference) and courses with a lower average grade point (termed as “Average”). This variable
“Class” comprises the variable of interest, or target (variable) in the analysis. Of the 541 courses included in the
study, 217 courses were classified as “Better” and the remaining 324 courses “Average”.

Table 1: Variables used to evaluate the performance of students at a course level

Variable Names Description

Class Average performance of students in the course
School School offering the course

Discipline Discipline to which the course belongs

Level Course level

ExamMode Mode of final assessment

Weighting Weighting of the final assessment to the final grade
Qualitative Whether the course 1s qualitative in nature
Quantitative Whether the course is quantitative in nature
CourseMode Delivery mode of the course

Female % of students in the course who belong to the gender
Male

Race lto 4

% of students in the course who belong to the race

School 1 (mainly social services)

School 2 (mainly social sciences)

School 3 (mainly business)

School 4 (mainly science and technology)

% of students 1n the course who enroll in the school

Prior institution 1 to 6

%o of students in the course who previously study at the
mstitution

Age Mean

Average age of the student

Age Standard Deviation

Standard deviation of the students” age

‘0" Level Math Mean

Average prior Math performance

‘0’ Level Math Standard Deviation

Standard Deviation of the students” prior Math performance

‘O’ Level English Mean

Average prior English performance

‘O’ Level English Standard Deviation

Standard Deviation of the students’ prior English
performance

Prior Academic Mean

Average prior academic performance

Prior Academic Standard Deviation

Standard Deviation of the students’ prior academic
performance

Collection and analysis of data associated with learning comprise the core of learning analytics (Brown, 2011).
The last decade has witnessed an increase in the adoption of learning analytics in educational institutions. This is
not surprising as learning analytics offers a promising approach to better discern students’ learning behaviours to
improve their retention and success through appropriate intervention (Tseng and Walsh, 2016). In this learning
analytics study, data mining was used to analyse the data to gain a better understanding of the learning
environment and its outcomes.
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Table 2: Descriptive statistics of the course variables

Variable Name Possible Values Count Percentage
Class Average 324 59.9%
Better 217 10.1%
Course School Schl (mainly social services) 77 14.2%
Sch2 (mainly social sciences) 86 15.9%
Sch3 (mainly business) 141 26.1%
Sch4 (mainly science and technology) 237 43.8%
Discipline 29 unique disciplines
Level 1 (introductory) 113 20.9%
2 214 39.6%
3 199 36.8%
4 (advanced) 15 2.7%
ExamMode Project/Take-home examination 81 15.0%
In-Class written examination 460 85.0%
Weightage High (=50%) 240 44.4%
Low (<=50%) 301 55.6%
Qualitative 0 93 17.2%
1 448 82.8%
Quantitative 0 421 77.8%
1 120 22.2%
CourseMode Blended 295 54.5%
F2F 246 45.5%

Data for all the 541 courses were used to build the model. Decision trees (C5.0, CHAID, C&RT and QUEST)
were used to evaluate course performance and its determinants in blended and face-to-face courses. CHAID
emerged as the best model to explain the students’ course performance with an accuracy rate of 67.1%. N-fold

cross-validation was used to compute the model’s estimated error rates with as little bias as possible (Braga-
Neto& Dougherty, 2004).

In n-fold cross-validation, the dataset is randomly split into n mutually exclusive subsets (also known as folds).
The model is then built with n-1 folds based on the decision tree parameters and an accuracy rate is calculated by
testing the model using the remaining fold (Rodriguez et al., 2010). The model accuracy rate is then aggregated
across n folds to give the overall accuracy rate for the validated model. In this study, we have chosen n to be 5.

An illustration of n-fold cross-validation is shown in Figure 1, where the folds in continuous line are the ones to
build the model and fold in dotted line to validate the model.

Figure 1: Graphical presentation of the 5-fold cross-validation procedure
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Results and Discussion

As mentioned earlier, the CHAID decision tree is selected as the final model with an overall accuracy rate of
67.1% (see left side panel in Figure 2). The n-fold cross-validation overall accuracy rate is 67.5% (see right side
panel in Figure 2). Figure 2 shows a summary of the results.

CLASS  |Average  |Befter | [cLass  [Average | Better |
Average |227 a7 Average |236 88
Better 81 136 Better 88 128
Overall Accuracy = 67.10% | Overall Accuracy = 67.47%
Accuracy for Average=  70.06% | Accuracy for Average = 72.84%
Accuracy for Better = 62.67% | Accuracy for Better = 59.45%

Figure 2 In-sample and holdout - Accuracy rates of the model

A better understanding of the course performance and its determinants in blended and face-to-face courses can be
seen from the decision tree in Annex A. This study focused on the determinants that affect adult students’
performance at a course level. Three main findings can be discussed.

For level-1 (introductory) courses, students performed better in blended courses than they did in face-to-face
courses (see Nodes 4 and 5). When viewed from a learning outcome perspective, such a conclusion is not
surprising.

As explained in the literature review, the learning outcomes of the courses offered by SUSS follow Bloom’s
taxonomy. The learning outcomes of level-1 SUSS courses focus on knowledge recall as well as on the basic
comprehension of the more fundamental concepts and theories underlying a particular subject or discipline.

The learning outcomes of levels 2, 3 and 4 SUSS courses, on the other hand, target increasingly more sophisticated
intellectual skills as they seek to develop the students’ ability to understand, apply, analyse and evaluate the
material that they study. Melton, Graf, and Chopak-Foss (2009) explain that students in blended learning courses
are more responsible for learning content on their own time than in classical, face-to-face, classroom-based
teaching and learning situations. As such, to achieve the more basic learning outcomes of level-1 courses where
knowledge acquisition and comprehension are the aims, students need to invest their own time to simply read and
absorb the morefundamental theories and concepts contained in the course material.

Because these two tasks cannot be effectively delegated to a teacher, students taking level-1 course would
normally require fewer interactions with their instructor and lesser discussions with their peers than they would
need for level 2, 3 and 4 courses where the learning is deeper and the material covered, more advanced and more
complex.

Early each semester, students taking level-1 blended courses at SUSS are reminded that the only 3 face-to-face
sessions will be dedicated to class discussions and small-group activities that are tapping on the knowledge
thatthey are expected to have acquired prior to coming to class. This study findings seem to confirm that these
students heed this advice as they do better than students taking level-1 courses using a traditional delivery
approach.

It is conceivable that students taking level-1, traditional face-to-face courses with 6 face-to-face sessions do not
perform as well because they tend to be over-reliant on their instructor’s guidance instead of putting in their own
time and effort to absorb the knowledge contained in the course material.

As to the age-academic performance relationship, the decision tree does show that the more homogeneous the age
of the students taking level-2 courses, the better their academic performance was (see Nodes 6 and 7).

The link between age differences, course level and academic performance is somewhat harder, but not
impossibleto explain when also considering the students’ profile and their study progression.

It is often during the very first semester of their programme of study that students take level-1 courses at SUSS.As
working adults enrolled in part-time studies, they have little time to mingle with their peers so unless they believe
that they cannot cope alone with the demands of their courses, they prefer learning on their own. Level-1 courses
are ideal for this opportunity. As discussed earlier, their learning material is relatively easier to absorb and their
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learning outcomes less ambitious than higher level courses so students are able to and given their other work,
family and other commitments, they prefer studying alone.

SUSS offers learning opportunities for working adults who are 21 years old and above. While the average age of
SUSS students is 27, one can find, in any course, students who are anywhere between 21 and 55 or even older.

Empirical evidence suggests that students tend to mingle and collaborate with those who are more of less of the
same age, possibly because they might more easily relate to one another on a personal basis.

In situations where the age difference between the students is low, students can more easily pair up with others of
a similar age, help one another study and learn better. For those reasons, students perform better in these courses.

Finally, students tend to perform better for more advanced qualitative exam-based courses offered by Schools 1,

3 and 4 (See Nodes 20 and 21). This finding came as a surprise as the bulk of the courses are from School 4 which
offers mainly Science and Technology courses. One possible explanation could be that the courses are mainly
management related such as aviation change management and project management and these students are able to
apply what they have learnt from their jobs to their studies.

Conclusion

This study aims to gain a better understanding of the determinants associated with the performance of adult
learners at a course level. A notable finding is that blended courses might improve learning and performance only
for specific courses that are at a level 1 (introductory) level.

For more advanced level courses, face-to-face delivery might be more suitable. Also, based on the findings,
universities can consider grouping students who are more homogenous in age for lower level courses to help them
get into peer and group learning. (Further analyses on

age differentials by course, course level and school for the various relevant nodes were conducted and no
significant age differential was found.) Finally, blended courses seem to be more appropriate for courses that are
qualitative in nature.

Further studies can be expanded to use larger datasets to include more courses and students to enhance the
generalisability of the findings. Future research can also consider the role of faculty and course assessments in
comparing the students’ learning experience and academic performance.

It is hoped that this study has provided insights into the effects of the course and student attributes on the academic
performance of students, and the determinants of such effects at a course level.
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